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Predicting three-dimensional structures of proteins from sequence information alone, remains 
one of the most profoundly challenging and intensely studied problems in basic science. It has 
uniquely garnered the interdisciplinary efforts of biologists, biochemists, computer scientists, 
mathematicians and physicists. The advancement of computational methods to study 
fundamental features of proteins also enables insights that are either difficult to explore 
experimentally or complimentary to further interpret experimental data. In the present research 
and through the combined development and application of molecular dynamics and network 
science approaches we aimed to elucidate the role of geographically important amino acids and 
evolutionarily conserved long-range interactions which are proposed to be key to protein stability 
and topology. Using a model system of nine proteins that share a Greek-key topology, the 
proteins were unfolded under high temperature with molecular dynamics simulations. The 
unfolded trajectories were analyzed by calculating root-mean-square-deviation, contact 
distances, root-mean-square-fluctuation and fraction of remaining contacts. The results indicated 
that the conserved long-range interactions are significantly more persistent over time than the 
non-conserved long-range interactions thus dominant contributors to topological stability. The 
behavior of the conserved long-range interactions in the folding of our model proteins was also 





demonstrated that the conserved interactions play a dominant role in folding by governing the 
native topology and facilitating rapid formation of the native network. In a third study, the role of 
the residues with high betweeness centrality scores in maintaining the protein network and in 
governing the Greek-key topology were examined by fragmentation and diameter tests. Here we 
found a subset of selected residues in similar geographical positions in all model proteins, which 
demonstrates the role of these specific residues and regions in governing the Greek-key topology 
from a network perspective. In conclusion, we can say that the determination of protein topology 
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Protein Structure  
The protein structure can be described at four hierarchical levels of complexity (Fig. 1); 
1) Primary structure is a linear sequence of amino acid residues connected to one another by a 
peptide bond. 2) Secondary structure is the local arrangement of polypeptide backbone atoms 
without including the side chains. Secondary structure is found in the three forms of α-helix, β-
sheet and loop. 3) Tertiary structure is three-dimensional (3D) arrangement of an entire 
polypeptide containing its side chain. 4) Quaternary structure is the arrangement of two or more 




Fig. 1. Four hierarchical level of proteins structure; primary, secondary, tertiary, and quaternary 






Two prominent protein structure classification databases are SCOP and CATH that 
classify proteins based on their structural domains. CATH sorts protein domains into four 
hierarchical levels including, class, architecture, topology or fold, and homologous superfamily 
[2, 3]. Major classification levels of SCOP are class, fold, superfamily, and family [4, 5]. Despite 
the differences between these two databases, both classify proteins into three classes according to 
their secondary structures; all-α, all-β, and mixed α/β (Fig. 2). Then, these three classes of 
proteins can be further subdivided by their topology, that is according to how their secondary 
structural elements are connected and packed in space [6-8]. Further, the domains in a fold are 
grouped into superfamilies that have at least one distant common ancestor and then in SCOP 




Fig. 2.  Three classes of proteins. (a) all-α. (b) all-β. (c) mixed α/β. α-helices, β-strands and loops 









The overall three-dimensional structure of proteins is stabilized by several forces such as, 
hydrophobic interactions, hydrogen bonds, salt bridges, van der Waals interactions, and disulfide 
bonds (Fig. 3). The non-bonded interactions can be classified by the distance between the 
interacting residues. Local- or short-range interactions are between residues that are close in both 
primary sequence and 3D space. Non-local or long-range interactions are defined as interactions 
between residues that are close in 3D space but distant in the primary structure. The local 
interactions, also known as short-range interactions are more significant in stabilizing the 
secondary structures, while the long-range interactions play a more important role in global 
protein stability and defining the native structure [9-18]. Several investigations have contributed 
to understanding the role of these interactions in the folding and stability of proteins [9-13, 15, 
17, 19]. In 1975, Seiji Tanaka performed a Monte Carlo simulation of protein folding for bovine 
pancreatic trypsin inhibitor and showed the significance of the long-range interactions in the 
folding of this protein [19]. Not long after, Nobuhiro Go investigated a lattice model of a protein 
with the Monte Carlo simulation method and demonstrated that specific long-range interactions 
were essential for highly cooperative stabilization of the native conformation and that short-
range interactions contribute to the acceleration of the folding and unfolding transitions [20]. In 
the late twentieth century, Michael Gromiha showed the importance of long-range interactions in 
150 different globular proteins in terms of residue distances and, later, in 2001, the significance 
of long-range interactions in commonly occurring folds of globular proteins [16, 21]. Recently, 
several studies showed that the formation of long-range interactions early in folding can smooth 





aggregation [22-24]. Such a prospect served as an enticing gain on the protein folding front, as 
well as a great stride in understanding mechanisms of diseased states. 
Studying these interactions not only helps to understand protein folding and stability but 
also can calculate the proteins folding rate. Contact order (CO), which reflects the importance of 
the short-range and long-range interaction in the protein native structure, is the most important 
characterized determinant of protein rate [25-29]. CO is defined as the average sequence 






𝑖=0                                                                                                                 (1) 
where N is the total number of contacts, ΔSi,j is the sequence separation between interacting 
amino acids iand j, and L is the total number of amino acids in the protein [25]. Proteins with 
higher CO exhibit larger long-range networks, slower folding rates and more well-ordered 
transition states [25-29]. Formation of the long-range interactions in the early steps of folding 
could slow down the folding process and provide more time for the protein to arrange itself into 






Fig. 3. Interactions which stabilize the protein 3D structure include hydrophobic interactions, 




A comprehensive understanding of the mechanisms which underlie the folding of a 
primary structure into its native three-dimensional conformation and the de novo prediction of 
these structures in silico has not fully been resolved. Three folding models have been suggested; 
first one is the framework model in which formation of the secondary structural elements occurs 
before assembly of these elements into the final 3D structure. Second is the hydrophobic collapse 
model in which the folding reaction is initiated by a hydrophobic collapse in the interior of the 
protein molecule and finalizes with the growth of the secondary structural elements. In the third 





amount of secondary and tertiary structure forms and acts as a scaffold for further folding (Fig. 




Fig. 4. Three suggested folding models; framework model, hydrophobic collapse model and 
nucleation-condensation mechanism. Figure reproduced from [32]. 
 
 
The nucleation-condensation mechanism which was pioneered by Alan Fersht, and co-
workers at the university of Cambridge has been the focus of numerous experimental studies [33, 





protein engineering technique on the 64-residue chymotrypsin inhibitor 2 (CI2). He showed a 
nucleation site developed in the transition state (TS) of CI2 as it folded. The nucleus consists of 
an α-helix, stabilized by long-range interactions forming as the rest of the protein collapses 
around it. The nucleus was determined by a protein engineering technique called ɸ-value 
analysis. It indirectly characterizes the structures of the TS in protein folding. In this analysis, 
interactions involving an amino acid are reduced or removed completely and kinetic and 
equilibrium measurements are performed on the unfolding and refolding of the resulting mutant 
to determine the extent of the interactions at different stages on the folding pathway [33, 34]. ɸ-
value analysis is now a well-known method for studying the fleeting transition states of proteins, 
which are very difficult to study by NMR and impossible by x-ray crystallography. ɸ-value is 
defined as the ratio of changes to the free energy of activation for folding ( ∆∆𝐺 −𝐷++  ) and to the 
equilibrium free energy of folding ( ∆∆𝐺𝑁−𝐷, ) shown by the following equation [35]; 
ɸ𝐹 = ∆∆𝐺 −𝐷++  / ∆∆𝐺𝑁−𝐷                                                                                                              (2) 
ɸ-value range from 0 to 1. ɸ=0 indicates that the mutation did not affect the transition state and 
that interaction does not form in the TS. Conversely, ɸ=1 shows that the mutation disturbed the 
TS and thus is formed in the TS (Fig. 5). A newer method, PSI-value analysis has been 







Fig. 5. Two extreme values of ɸ. The diagram on the left shows ɸ = 0, when the mutation did not 
affect the TS. The diagram on the right indicates ɸ = 1, when the mutation affects the TS. Figure 
adapted from [37]. 
 
 
In all folding models, a protein progresses from a high energy high-entropy state to a low 
energy-low-entropy state. This energy-entropy relationship is known as the folding energy 
landscape funnel (Fig. 6) [38]. The unfolded protein which has high energy, high entropy and 
low stability can take many different conformations and it is located on the top of the folding 
funnel. As the protein folds, it goes down through the funnel and the number of the possible 
conformations decreases as well as the energy and the entropy. At the bottom of the funnel, is the 








Fig. 6. The schematic of the folding energy landscape funnel. The folding of 1TIT is shown here. 
Figure adapted from [39]. 
 
 
Folding on the Ribosome and the Chaperone/Chaperonin System 
The ribosome is the site of protein synthesis and is found in most living cells. This 
macromolecular machine is a ribonucleoprotein particle made of two subunits: the small subunit 
that read the messenger RNA and the large subunit that attach amino acids residues to one 
another to make a polypeptide chain [40]. The folding process can start co-translationally when a 
newly synthesized peptide is still in the ribosome [41]. The main questions are: When does a 
peptide start to fold? How does the ribosome affect the co-translational folding process? During 





proteins can fold inside the tunnel, but the tunnel is too small for large molecules to make long-
range interactions and fold inside. Therefore, formation of large tertiary structures should take 
place out of the ribosome and is unaffected by the ribosome,which is in agreement with the 
correct folding of the isolated proteins in vitro systems [41-46]. 
Proteins need to fold correctly to be functional. Misfolding not only alters the protein 
function but also causes many different diseases such as Alzheimer's and Parkinson's diseases. 
Molecular chaperones are a group of proteins that assist in protein folding. They can recognize 
and bind the non-native proteins to promote correct folding and prevent misfolding and 
aggregation. Chaperones also have the ability to unfold misfolded proteins and help them form 
the correct fold [40] (Fig. 7). Two major molecular chaperones are chaperonins and the Hsp70 
chaperone system. The Hsp70 chaperone system facilitates the folding of denatured proteins in 
the ATP hydrolysis-dependent reaction cycle. Chaperonins form a double ring structure with a 
central cavity where the folding protein occurs. The formation of this chaperonin cage which 
isolate the denatured protein, can prevent aggregation. The space restriction in the chaperonin 







Fig. 7. Protein folding inside the cell. Proteins are synthesized in the ribosome. The newly 
synthesized polypeptide needs to fold properly to be functional. Chaperones assist the unfolded 
protein to fold correctly. Chaperones also can unfold the misfolded protein to help it to correct its 
fold. The misfolded proteins that cannot be fixed by chaperons, will be degraded by proteasome 




Dynamics play an important role in the formation and functionality of macromolecules. 
Significant features of macromolecules such as protein folding can be understood only when 





conformational changes while performing their biological functions. For instance; DNA must 
change its conformation and adjust to the protein surface while binding to the transcription 
factors [50, 51]. An enzyme’s conformation is altered by binding to an allosteric regulator in the 
allosteric regulation process [52, 53]. In hemoglobin, the dome-shaped heme becomes planer 
after binding to an oxygen and causes a similar shift in the other three hemes to assist them to 
bind to more oxygen [54, 55]. Studying the macromolecular conformational changes in vitro, is a 
very complicated, expensive, and time-consuming process. Nuclear magnetic resonance (NMR) 
and X-ray crystallography are powerful experimental methods that can map the atomic positions. 
However, the molecules such as proteins and nucleic acids have picosecond level motions which 
are too fast for either X-ray crystallography and NMR spectroscopy to capture. Computer 
simulations have been designed to model such a quick movements that are difficult to access 
experimentally [56, 57].  
Molecular dynamics (MD) is the most powerful simulations for modeling the physical 
movements of particles. In this simulation, particles are given velocities assigned to a selected 
temperature and allowed to move in response to all the forces acting on them in paths determined 
by Newton’s equation of motion [57]. CHARMM (Chemistry at HARvard Macromolecular 
Mechanics) is one of the popular molecular simulations programs. This is a very flexible 
computer program that applies empirical energy functions to model macromolecular systems 
including proteins, peptides, lipids, nucleic acids, carbohydrates and small molecule ligands, 
crystals, and membrane environments [58, 59]. This program perform MD simulations by 
following steps: read or model the initial structure, perform energy minimizations by first‐ or 
second‐derivative techniques, neutralize systems, perform equilibration, and simulates the 





The following drives the dynamic equation of motion used for MD simulation. Given the 
atoms initial positions, xi (t0), and their respective velocities, vi (t0) at time t0 and the position can 
be propagated forward using equation 3  
xi (t1) = xi (t0) + vi (t0)Δt                                                                                          (3) 
The new velocities can be calculated from the old ones by equation 4 
vi (t1) = vi (t0) + Δvi (t0)                                                                                           (4) 
Newton’s equation (F = ma or F = mdV/dt) can be used to calculate the change in velocity 
using equations 5 and 6 
Δvi (t0) = 
𝐹𝑖 (𝑡0)
𝑚𝑖
 Δt                                                                                                      (5) 
vi (t1) = vi (t0) + 
𝐹𝑖 (𝑡0)
𝑚𝑖
 Δt                                                                                         (6) 
where Fi is the sum of the forces acting on the ith particle, Thus  
F(r) = -𝛻U(r)                                                                                                             (7) 
U(r) = ∑ 𝑈𝑏𝑜𝑛𝑑𝑒𝑑 (𝑟) +  ∑ 𝑈𝑛𝑜𝑛𝑏𝑜𝑛𝑑𝑒𝑑 (𝑟)                                                               (8) 
𝑈𝑏𝑜𝑛𝑑𝑒𝑑 =  𝑈𝑏𝑜𝑛𝑑 + 𝑈𝑎𝑛𝑔𝑙𝑒 + 𝑈𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙 +  𝑈𝑖𝑚𝑝𝑟𝑜𝑝𝑒𝑟                                                (9) 
𝑈𝑛𝑜𝑛𝑏𝑜𝑛𝑑𝑒𝑑 =  𝑈𝐿𝐽 +  𝑈𝑒𝑙𝑒𝑐                                                                                                  (10) 
𝑈(𝑟) =  ∑ 𝐾𝑏𝑏𝑜𝑛𝑑𝑠 (𝑏 − 𝑏0)
2 +  ∑ 𝐾𝜃 (𝜃 + 𝜃0𝑎𝑛𝑔𝑙𝑒𝑠 )
2 +                                              (11) 
∑ 𝐾ф[1 + 𝑐𝑜𝑠 (𝑛ф − 𝛿)] +  ∑ 𝐾𝜔 (𝜔 − 𝜔0 )
2 
𝑖𝑚𝑝𝑟𝑜𝑝𝑒𝑟𝑠𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙 +  
∑ 𝐾𝜇 (𝜇 + 𝜇0𝑈𝑟𝑒𝑦−𝐵𝑟𝑎𝑑𝑙𝑦 )




12 − ( 
𝑅𝑚𝑖𝑛,𝑗𝑗
𝑟𝑟𝑗
)6 ] +  ∑
𝑞𝑖𝑞𝑗
𝜀𝑟𝑖𝑗
𝑛𝑜𝑛𝑏𝑜𝑛𝑑𝑒𝑑                                                                                   
In the first term of equation 11, Kb is the bond force constant and b-b0 is the distance 
from equilibrium for a given bond. In the second term Kθ is the angle force constant and θ + θ0 





constant, n is the multiplicity, ф is the dihedral angle and δ is the phase shift. In the fourth term, 
Kω is the force constant and ω − ω0 is the out of plane angle. In the fifth term, Kμ is the force 
constant and μ + μ0 is the distance from equilibrium of the 1,3-nonbonded interactions. In the 
sixth term, ε is the electric permittivity constant, rij is the distance between two nonbonded atoms 
in the configuration and Rmin,ij is the constant distance at which the potential is zero. In the last 




Fig. 8. Potential energy function terms of equation 10.  
 
 
Significant advancements have been made toward improving and accelerating molecular 
dynamics simulations. The Anton supercomputer which is a parallel machine, has been designed 





Anton consists of 512 processing nodes which contain a specialized MD computation engine. 
The machine applies both special-purpose logic and novel parallel algorithms to accelerate the 
time dependent calculations in MD simulation [60, 61]. Minimizing the MD simulation timescale 
has been essential to making progress in the fields of biology and chemistry for studying the 
structures and motions of macromolecules. 
Simulated annealing is another simulation method for studying macromolecular 
structures. Simulated annealing is so powerful that it can convert an extended protein structure 
into a well-defined 3D structure through the application of Nuclear Overhauser Effect (NOE) 
distance restraints [62]. CNS (Crystallography & NMR System) is program that can perform 
simulated annealing. The software is used to determine the structure of macromolecule from X-
ray crystallography data or solution nuclear magnetic resonance (NMR) spectroscopy data [62, 
63]. In the simulated annealing protocol, the starting structure is energy minimized and then 
heated at several intervals until the system gains enough energy to cross energy barriers. The 
atomic positions at the end of a simulations step are determined from their starting positions, as 
well as from their velocities and accelerations, which in turn are both derived from the starting 
positions using equations 1 and 2. Velocities are calculated from the Maxwell distribution at a 
given temperature and accelerations are determined by Newton's equation of the force field [64]. 
In the next step, the temperature is gradually reduced in intervals to develop a system under the 
influence of the potential field. By cooling down the system, the number of possible 
conformations, energy and entropy decrease until a minimum energy protein structure is reached. 
After each simulation step, the energy potential is recalculated for the new atomic positions and a 
further simulation step follows. 






𝐸𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 =  𝐸𝑁𝑂𝐸 +  𝐸𝑡𝑜𝑟𝑠𝑖𝑜𝑛                                                                                    (13)                  
and 
𝐸𝑒𝑚𝑝𝑖𝑟𝑖𝑐𝑎𝑙 =  𝐸𝑏𝑜𝑛𝑑 +  𝐸𝑎𝑛𝑔𝑙𝑒 + 𝐸𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙 +  𝐸𝑣𝑑𝑤 + 𝐸𝑒𝑙𝑒𝑐𝑡                                      (14)                      
Eempirical contains all information about the primary structure of the protein and data about the 
topology and the bonds in the protein and Eeffective takes the experimentally determined constraints 
into account. 
The application of network science is also a valuable approach to study protein structures. 
Proteins can be considered as a network where amino acids are nodes and interactions between 
them are edges (Fig.9) [65]. Network theory has been increasingly applied to describe the 
stability, folding, dynamics and function of proteins [66]. The nature of networks is well 
designed to determine the residues and interactions that are the major determinants in protein 







Fig. 9. Subset of the long-range interaction network in 1RIS. Amino acid residues are considered 
as nodes and long-range interactions as links. The long-range network is shown both inside and 
outside the protein. the names of highly connected residues are shown in the network. 
 
 
In the past few decades, computational structure prediction of proteins has greatly 
advanced in order to address the large fraction of sequences whose structures cannot be determined 
experimentally [74, 75]. There are two major classes of protein structure prediction: comparative 
modeling and de novo methods. Comparative modeling predicts the structure based on the 
detectable similarity with a known structure. Second, de novo or ab initio methods predict the 
structure based only on the amino acid sequence [76, 77]. To date, knowledge-based methods, 
which extract information from solved protein structures has been more reliable. However, the 
yearly evaluation, Critical Assessment of Techniques for the Protein Structure Prediction (CASP) 
has shown a significant improvement in the ab initio methods [78, 79]. For instance, the folding 





based contact map predictions [77]. To increase progress in ab initio methods, parallel 
improvement of accurate potential energy functions and efficient optimization methods are both 
needed [77].  
Protein structure prediction includes four levels: 1D prediction of secondary structures, 
2D prediction of the spatial relationship between amino acids such as distances, 3D prediction of 
tertiary structure, and 4D prediction of quaternary structures. The 1D prediction has been studied 
the most and it has a critical role in the development of protein structure prediction methods. The 
main goal is the predication of the 3D structure of proteins, so 1D and 2D predictions are applied 
as input for 3D coordinate predictors [80].  
Machine learning methods, which are an important class of tools to automatically extract 
useful information from the protein data bank, have been widely used in all levels (1D to 4D) of 
protein structure prediction [80]. In the latest critical assessment of CASP, machine learning 
methods, including neural networks, self-organizing maps , and support vector machines have 
shown great improvement in protein structure prediction, but progress remains to be made in both 
the accuracy and scope of these methods [80-82]. The latest developments and progress in protein 
structure prediction reported by CASP includes the following: 1) new techniques for predicting 
3D contacts can create the impressive template free models, however the template-based models 
are still the most accurate; 2) more focus on modeling the quaternary structure of proteins, in 
collaboration with the Critical Assessment of Predicted Interactions (CAPRI), demonstrated good 
results, but there is still room for improvement in this area; 3) refinement of primary protein models 
now improves nearly all models; 4) the application of sparse NMR constraints can completely 
advance the accuracy of models; 5) there is a great advancement in methods that estimate the 









The aim of this dissertation project was to conduct a comprehensive investigation to 
determine which amino acid residues and long-range interactions have a critical role in the 
topological determination and structural stability of proteins. To achieve this goal, five different 
computational approaches were applied to study the structures of a group of proteins that share a 
common Greek-key topology (Fig.10) but differ in sequence, secondary structure and function. 
Nine proteins constitute our model system and were selected from the following three 
superfamilies: the death domains, α/β-plaits, and immunoglobulins, which are classified as all-α, 
mixed α/β, and all-β, respectively. These proteins are listed by superfamily, species, name and 
PDB code: Death domains [human death domain of the FAS-associated death domain -1E3Y 
[87]; human death effector domain - 1A1W [88]; human iceberg - 1DGN [89]], α/β plaits 
[human fourth metal-binding domain of the Menkes copper-transporting ATPase - 2AW0 [90]; 
Thermus thermophilus ribosomal S6 - 1RIS [91]; bovine acylphosphatase - 2ACY [92]] and 
Immunoglobulins [human titin - 1TIT [93]; turkey telokin - 1TLK [94]; human tenascin - 1TEN 
[95]]. These three superfamilies were chosen because they share the highly populated Greek-key 
topology. While this topology was originally attributed to the Ig fold, it was shown that this 
topology also underlies the α/β-plait fold and death domain fold [96].  
In aim one, the role of the evolutionary conserved long-range interaction networks in the 
structural stability of protein models was tested using molecular dynamics simulations. Proteins 





analyzed by four different methods. First, the proteins structural stability was examined by 
calculating the root-mean-square deviation (RMSD) at different temperatures. Then, the 
distances and fluctuations of the conserved contacts was compared to those of the non-conserved 
contacts as the protein unfolds. In the last analysis, the fraction of the contacts remaining was 
calculated for both the conserved and non-conserved contacts during the unfolding process.  
The principle aim of the second study was to examine the role of the evolutionary 
conserved network of interactions in the topological determination and folding of the protein 
models by two computational methods. Initially, the extended form of each protein was folded 
by employing conserved interactions as the physical constraints using the simulated annealing 
method to form the gross native-like topology. Then, the giant cluster method was used to 
confirm the importance of these conserved interactions in the rapid formation of the protein’s 
network structure. The last aim was designed to test the idea that the residues with high 
betweenness centrality scores are potentially significant in maintaining the protein network and 
in governing the Greek-key topology. This hypothesis is tested by two different computational 








Fig 10. 3D structure of proteins color coded based on the schematic of the Greek-key topology. 
(a) Death domains:  1E3Y, 1DGN, 1A1W. (b) α/β plaits: 1RIS, 2ACY, 2AW0. (c) 










ROLE OF THE CONSERVED LONG-RANGE INTERACTION NETWORKS IN THE 
STRUCTURAL STABILITY OF PROTEINS 
 
INTRODUCTION 
Protein stability stands at the nexus of structure, folding and function. Many different 
factors including alteration of solvent, temperature, PH, and forces, mutation, ligand binding, ion 
binding and many other factors, affect the protein folding process and so affecting the structural 
stability and biological function of proteins[13, 97-106]. Several computational and experimental 
approaches have been designed to predict the proteins structure and calculate their structural 
stability in terms of different factors [107-120]. The focus of this study is the computational 
analysis of protein structural stability considering the effect of the non-covalent interactions.  
Protein structures are predominantly composed of a network of relatively weak short- and 
long-range non-covalent interactions between amino acids. Short-range interactions form and 
stabilize the secondary structures and long-range interactions organize and stabilize the 
arrangement of secondary elements in space to form the stable native topology [19, 20]. The 
significant role of the long-range interactions in folding and structural stability of proteins have 
been investigated by several experimental and computational studies [15, 16, 19, 20, 96, 121-
123]. Long-range interactions have been found as a well-arranged network that govern and 
stabilize the proteins native structure [65, 96, 121, 123]. This long-range network includes all the 
non-bonded interactions from the hydrophobic interactions in the interior of the protein to the 
charge-charge interactions on the surface of the protein[9, 99, 124-136]. The long-range 





smooth energy landscape and so productive folding [22-24, 137-140]. The role of the long-range 
interactions in protein folding is also defined in terms of contact order (CO), when CO is the 
average sequence separation between contacting residues normalized by the total sequence 
length [25]. Proteins with higher CO exhibited predominant long-range network, lower folding 
rate and more well-ordered transition states [25-29]. Therefore, the formation of the long-range 
interactions in the early steps of folding, slow the process and provide more time for protein to 
arrange itself into the more stable topology. All these observations show the important role of the 
long-range interactions in understanding the mechanism of protein folding, the basis of protein 
stability and the pathways of misfolding and aggregation.  
In the present study, molecular dynamics simulations were applied to investigate protein 
unfolding and test the hypothesis that these conserved interactions (also referred to as contacts) 
are key determinants of structural stability. MD can uniquely probe stability at the level of 
individual amino acids and interactions in a protein as it is unfolding.  This can provide atomic-
level resolution of the major determinants of conformational stability [141]. For our studies, we 
used a group of proteins that share the Greek-key topology (Fig. 10), but differ in sequence, 
secondary structure and function. Three proteins were selected from three different 
superfamilies; the all α-helical death domains, the mixed α/β-plaits and all β-sheet 
immunoglobulins. The selected proteins were unfolded under high temperature using MD 
simulations to examine the stability and persistence of the conserved contacts in comparison to 
the non-conserved contacts (Fig. 11). Using three methods that analyze contact distance, 
fluctuation, and fraction of remaining contacts it has become evident that the conserved 






Fig. 11. Unfolding of titin using Charmm [58, 59]. 3D native structure of titin shown at the top. 
Orange and blue residues make a conserved contact and two white residues make a non-
conserved contact. The conserved contact is still present at the end of the simulation indicating 
that this contact is more stable and persistent than the broken non-conserved contact. 
 
 
MATERIAL AND METHODS 
Molecular Dynamics Simulation Protocol  
To test the role of the conserved contacts (Appendix A and E) in the structural stability of 
proteins, nine proteins from a group of 28 were selected to study using molecular dynamics 
simulations. The proteins are listed by superfamily, species, name and PDB code: Death domains 
[human death domain of the FAS-associated death domain -1E3Y [87]; human death effector 





domain of the Menkes copper-transporting ATPase - 2AW0 [90]; Thermus thermophilus 
ribosomal S6 - 1RIS [91]; bovine acylphosphatase - 2ACY [92]] and Immunoglobulins [human 
titin - 1TIT [93]; turkey telokin - 1TLK [94]; human tenascin - 1TEN [95]]. 
In this study, proteins were examined under high-temperature conditions to see if their 
conserved interactions contain some inherent stability over other non-conserved contacts (Fig. 11) 
and, thus; are major stabilizing determinants of the Greek-key topology. First the system is energy 
minimized for 500 steps until obtain an energy tolerance of 0.001 kcal/mol. Second the system is 
solvated by placing in the octahedral box of water (Table 1) and then the complex of protein and 
water molecules are minimized for 100 steps. Next, the complex is neutralized by replacing the 
water molecules with ions such as Na+ and Cl-. Dynamics occurs in the isothermal–isobaric 
ensemble (NPT) under periodic boundary conditions. The electrostatic potential across the 
periodic boundaries is managed by Ewald algorithm. A switching function is applied to cover the 
van der Waals potential from 8Å to 12Å. The SHAKE algorithm is applied to restrain the lengths 
of all bonds involving hydrogen bonds. Equilibration is performed for 200ps to relax the system 
while it is heated. Dynamics is initiated from cooled structure and heated to 298K over 10K steps 
(20ps) of dynamics. All simulations are extended for 80 nanoseconds of production dynamics, 
using a 2-fs time-step. By saving coordinates every 1000 step, 40,000 frames per trajectory can be 
prepared for analysis. The MD simulations were run for each protein at several different 
temperatures (300K, 350K, 400K, 450K, 500K, 550K) using CHARMM (Chemistry at HARvard 
Macromolecular Mechanics) [58, 59]. The highest temperature is selected to be enough to unfold 
the protein. Matthew Robinson and Megan Barnes also collaborated in this study by performing 
MD simulation of three proteins for 20 nanoseconds out of 80 nanoseconds. The CHARMM 





clusters for parallel programming applications. The Turing cluster contains 258 multi-core 
compute nodes, each containing between 16 and 32 cores and 128 GB of RAM.  
 
 

















In the first analysis, RMSD was calculated for each protein at different temperatures to test 
the protein conformational stability during the simulation. RMSD is known as one of the most 
common quantitative measures of the similarity between two superimposed atomic coordinate 
systems (usually the backbone atoms). RMSD values are mainly used for analyzing the stability 
and predicting conformational changes of a system [142]. RMSD values are presented in Å and 
calculated by                                                                                                                
RMSD = √1/𝑛 ∑ 𝑑𝑖
2𝑛
𝑖=1                                                                                               (15) 
where n is the number of the atoms and di is the distance between the two atoms in the i





Calculated RMSDs of the selected proteins were graphed vs. simulation time using the xmgrace 
plotting tool [143]. 
 
Analysis 
Three sets of conserved contacts (D, T, TN) were assessed to see how they behave 
differently than the non-conserved contacts in the protein. Three different tests were applied to 
ascertain if the conserved contacts play a more important role in the protein structural stability than 
the non-conserved contacts. Initially, three sets of randomly selected non-conserved long-range 
contacts were formed to match each set of the conserved contacts (D, T, TN). Only random 
contacts that were as long as or shorter than the longest contact in each set were chosen.  
In the first test, the distances for the conserved contacts and the randomly selected non-
conserved contacts were calculated for the different temperature simulations. The shortest distance 
between non-hydrogen atoms in each residue was used as the contact distance. The contact 
distances of each set were averaged at each temperature for the whole simulation for both 
conserved and non-conserved contacts and then plotted using Microsoft excel 365. Temperatures 
at which the protein completely unfolded were not used for this analysis.  
In the second test, RMSF was calculated for the conserved and non-conserved contact 
distances. The RMSFs for each contact set were averaged for each temperature simulation and 
plotted using Microsoft excel 365. RMSF is the fluctuation observed between the residues or atoms 
of a macromolecule. The atomic fluctuation shows the level of flexibility of a system during a 
simulation [144]. This calculation was performed for a set of conserved and three equivalent sets 
of non-conserved contacts for each network method (D, T, TN) independently. As with the contact 





In the third test, the fraction of the conserved contacts remaining is compared with the 
fraction of the non-conserved contacts that are remaining as the protein unfolds. In each set of the 
conserved and non-conserved contacts, the fraction of the contacts remaining is the number still in 
contact divided by the original number of the contacts in the set. The ratio of the remaining contacts 
was plotted vs. simulation time using xmgrace plotting tool [143]. 
 
RESULTS AND DISCUSSION 
RMSD Evaluation 
As shown in Figure 12, root-mean-square-deviation (RMSD) is plotted vs. the simulation 
time for the selected proteins. RMSD increases with temperature because increasing temperature 
means increasing the kinetic energy, hence more fluctuations. In 1A1W, 1DGN, 2AW0 and 1TIT, 
there is hardly any changes in the RMSD at each temperature except 450K that is the unfolding 
trajectory.  The RMSD stays almost flat at lower temperatures 300 and 350K for 1RIS, 2ACY, 
1TEN and 1TLK, and it steadily increases at the higher temperatures. In 1E3Y, the RMSD start to 
increase at 450K and its almost unchanged for the lower temperatures. The highest temperature 
that unfolds the protein is indicated by an RMSD ≥ 10Å in all protein models. According to the 
simulation results, 1DGN, 1A1W, 2AW0, and 1TIT are unfolded at 450K. 1E3Y, 2ACY, 1TEN 
and 1TLK are unfolded at 500K and 1RIS is unfolded at 550K. The latter unfolds at higher 
temperature because it comes from a thermophile which is consistent with what we expected and 
additionally validates the methodology. As expected, the structure of all protein models remains 
close to the native structure at lower temperatures and they start to lose the topology as the 
temperature increase. Surprisingly, the RMSD of 1A1W and 1RIS at 350K is lower than 300K. 





be closer to the native structure. This unexpected result may also be explained by the limitations 
of RMSD calculation. Since the RMSD measures the distances between all amino acids pairs 
equally, a small number of local structural change could result in a high RMSD, even when the 




Fig. 12. Backbone RMSD vs. time at different temperatures ;300K, 350K, 400K, 450K, 500K 
and 550K are shown in black, red, green, blue, violet and cyan respectively. (a) Death domains:  














Calculating Contact Distances  
In the first contact analysis, the contact distances were calculated as the protein unfolds. 
Each graph in Figure 13 displays the average contact distances at different temperature for a set of 
conserved contacts and three sets of randomly selected non-conserved contacts. To determine the 
rate of increase of the contact distances with temperature, linear least squares regression lines are 
fitted to the data. The results of this analysis agree with the RMSD calculations. For 1A1W, 1DGN, 
2AW0 and 1TIT, the contacts distances increase smoothly at temperatures 300-400K, however 
there is a larger increase for 2AW0 at 400K. In 2ACY, 1TEN and 1TLK, there is small changes in 
the contacts distances from 300 to 350K but a larger increase at 400K and then more at 450K. The 
contacts distances of 1E3Y at 300-400K are close to each other and increases slightly at 450K. In 
1RIS, there is a small increase in the contact distances at 300-450K and larger increase at 500K. 
The contacts distances of 1A1W at 350 is smaller than 300K that can be explained by the 
unexpected RMSD results. 
As shown in the graphs, the slope of the conserved lines is less than those of the non-
conserved lines. The slower increase in separation in the conserved contact distances indicates that 
they fall apart later which suggests that they play a more important role in protein stability than 
the non-conserved contacts. To quantify this comparison, the line’s slope of the randomly selected 
non-conserved contacts distances is divided by the line’s slope of the conserved contacts distances 
and defined as R/C (Table 2). The greater the R/C value over 1, the greater the stability of the 
conserved contacts over the random contacts. These results quantitatively confirm the stability of 
the conserved contacts in comparison to the non-conserved contacts. The average slope of the 
random lines is also calculated and divided by the slope of the conserved line to easier compare 





1TLK, and the TN network of 1DGN, 2ACY, 2AW0, and 1TEN, indicated the larger R/C value 
and more stability of conserved contacts. 1TIT is the only protein that show a higher R/C value for 
toggle network. According to these observations the direct and TN conserved networks show more 
stability during the simulation compared to toggle network. To easier compare the R/C value over 
the proteins, the average of R/C values of all three networks is calculated in each protein. The 
range of the calculated value for 1E3Y, 1DGN, 1A1W, 2AW0, 1TIT, and 1TLK, is 1.4-2.7 and 
for 1RIS and 2ACY is 3.4 and 4.5 respectively. 1TEN demonstrate the highest value around 7.5. 
According to this result, the conserved network of 1TEN shows the highest stability compared to 
the other proteins, but the slope of the conserved lines doesn’t confirm that. By comparing the 
slopes of the conserved and non-conserved lines in all nine proteins, it can be concluded that the 
R/C value of 1TEN is higher than the others because of the high slopes of the non-conserved lines, 
not the low slope of the conserved line. The difference of the R/C value between all nine proteins 
may be explained by the characterization of the randomly selected contacts. Since the non-
conserved contacts are selected randomly, they may have different stability in different proteins. 
However, the conserved contacts demonstrated more stability compared to all the randomly 








Fig. 13. Average contact distances vs. temperature. Solid and dashed lines display conserved and 
randomly selected non-conserved contacts, respectively. (a) Death domains: 1A1W, 1DGN, 
1E3Y (b) α/β-plaits: 1RIS, 2ACY, 2AW0. (c) Immunoglobulins: 1TEN, 1TIT, 1TLK. D, T and 















































Table 2. Line’s slopes of both conserved and randomly selected non-conserved contacts 
distances of Figure 13. R/C is the ratio of the line’s slope of the random line over those of the 
conserved line. 






1E3Y (D) 0.0064 0.0123 0.0153 0.018 1.9218 2.3906 2.8125 2.3750 
1.8263 
 
1E3Y (TN) 0.0067 0.0105 0.0118 0.0129 1.5671 1.7611 1.9253 1.7512 
1E3Y (T) 0.0086 0.011 0.012 0.0119 1.2790 1.3953 1.3837 1.3527 
1DGN (D) 0.0163 0.0196 0.0235 0.0277 1.2025 1.4417 1.6994 1.4479 
1.3968 
 
1DGN (TN) 0.0079 0.0113 0.0113 0.0124 1.4304 1.4304 1.5696 1.4768 
1DGN (T) 0.0079 0.0094 0.0103 0.0103 1.1899 1.3038 1.3038 1.2658 
1A1W (D) 0.0081 0.0222 0.0231 0.0292 2.7407 2.8519 3.6049 3.0658 
2.4656 
 
1A1W (TN) 0.0095 0.0167 0.0175 0.02 1.7579 1.8421 2.1053 1.9018 
1A1W (T) 0.008 0.0192 0.0196 0.0195 2.4 2.45 2.4375 2.4292 
1RIS (D) 0.0023 0.0104 0.0104 0.0143 4.5217 4.5217 6.2174 5.0869 
3.4544 
 
1RIS (TN) 0.0041 0.0087 0.0098 0.0124 2.1220 2.3902 3.0244 2.5122 
1RIS (T) 0.0041 0.0112 0.0108 0.012 2.7317 2.6341 2.9268 2.7642 
2ACY (D) 0.0026 0.0093 0.0091 0.0096 3.5769 3.5 3.6923 3.5897 
4.5368 
 
2ACY (TN) 0.0015 0.0128 0.0104 0.0086 8.5333 6.9333 5.7333 7.0666 
2ACY (T) 0.0029 0.0083 0.0076 0.0098 2.8621 2.6207 3.3793 2.9540 
2AW0 (D) 0.0028 0.0058 0.0066 0.007 2.0714 2.3571 2.5 2.3095  
2.1545 
 
2AW0 (TN) 0.003 0.0068 0.0067 0.0076 2.2667 2.2667 2.5333 2.3556 
2AW0 (T) 0.0043 0.0077 0.0078 0.0077 1.7907 1.8140 1.7907 1.7985 
1TEN (D) 0.002 0.0146 0.0144 0.0214 7.3 7.2 10.7 8.4000 
7.5216 
 
1TEN (TN) 0.0024 0.0199 0.0188 0.0221 8.2917 7.8333 9.2083 8.4444 
1TEN (T) 0.0031 0.0146 0.0191 0.0195 4.7097 6.1613 6.2903 5.7204 
1TIT (D) 0.0019 0.0038 0.0046 0.0058 2 2.4211 3.0526 2.4912 
2.6618 
 
1TIT (TN) 0.0026 0.0048 0.0051 0.0058 1.8462 1.9615 2.2308 2.0128 
1TIT (T) 0.0018 0.0057 0.0062 0.0069 3.1667 3.4444 3.8333 3.4815 
1TLK (D) 0.0098 0.0165 0.0178 0.0179 1.6837 1.8163 1.8265 1.7755 
1.6010 
 
1TLK (TN) 0.0109 0.0154 0.017 0.0174 1.4128 1.5596 1.5963 1.5229 







In the second contact analysis, the averaged contact distance root-mean-square-
fluctuation (RMSF) is graphed vs. temperature for the selected conserved and non-conserved sets 
(Fig. 14). As we expected from the RMSD results, the RMSF of 1A1W, 1DGN, 2AW0 and 1TIT 
increase gradually from 300K to 400K. There is a smaller increase in the contacts fluctuation of 
2ACY, 1TEN and 1TLK at 300-350K and larger increase at 400-450K. The RMSF of 1E3Y and 
1RIS slightly change at 300-400K and increases at the higher temperatures. The results of this 
test confirm that the conserved contacts withstand more thermal shaking and do not fluctuate in 
distance as much as non-conserved contacts. Therefore, the conserved contacts demonstrate a 









Fig. 14. Average contact distance RMSF vs. temperature. Solid and dashed lines display 
conserved and randomly selected non-conserved contacts, respectively. (a) Death domains:  
1A1W, 1DGN, 1E3Y (b) α/β-plaits: 1RIS, 2ACY, 2AW0. (c) Immunoglobulins: 1TEN, 1TIT, 















































Calculating the Fraction of the Remaining Contacts as Proteins Unfold 
In the third test, the fraction of the contacts remaining was calculated for the conserved, 
and randomly selected non-conserved contacts during the unfolding process (Fig. 15). As the 
protein unfolds, the number of the contacts remaining decreases with the simulation time. As 
shown in Figure 15, the number of the conserved contacts remaining are greater than those 
involving non-conserved contacts. Furthermore, in several cases the differences are most evident 
in the early steps of unfolding as in the case of 1RIS, 2AW0 and 1TLK. These results indicate 
that the conserved contacts break apart on a later timescale than the non-conserved contacts as 








Fig. 15. Fraction of contacts remaining as the protein unfolds. Conserved and randomly selected 
non-conserved contacts are shown in red and green, respectively. (a) Death domains: 1A1W, 
1DGN, 1E3Y (b) α/β-plaits: 1RIS, 2ACY, 2AW0. (c) Immunoglobulins: 1TEN, 1TIT, 1TLK. D, 










































The Fraction of the conserved contacts remaining is also compared with the entire non-conserved 




Fig. 16. Fraction of contacts remaining as the protein unfolds. The set of conserved contacts is 
compared with all non-conserved contacts and native contacts. Conserved, non-conserved and 
native contacts are shown in red, green and black respectively. (a) Death domains:  1A1W, 
1DGN, 1E3Y (b) α/β plaits: 1RIS, 2ACY, 2AW0. (c) Immunoglobulins: 1TEN, 1TIT, 1TLK. D, 




































Correlation to Experimental Studies 
Some of our protein models have been also studied experimentally. These studies 
calculated the Phi-value (ϕ) after mutating the specific residues of a protein. Phi-values are a 
measure derived from mutational studies that probe the contribution of individual amino acids in 
the structure of the transition state using kinetic and thermodynamic calculations [145]. Amino 
acides with significant ϕ-values play an important role in proper folding of a protein in the 
transition state [146]. Table 3, shows the residues with significant ϕ-values and bolds those that 
are part of the conserved contact network. Many residues with high ϕ-values that are identified 
as significant amino acids in protein folding and stability, demonstrate the same result in our 
computational study by being part of the evolutionary conserved contact network. Moderate to 
high Phi-values are denoted based on the following criteria: ϕ-values between 0.3-1.0 at ϕ 0M and 
ϕmidpoint for 1RIS [147]. ϕ-values between 0.3-1.0 at ϕ1M for both 1TIT [148] and 1E3Y [149]. ϕ-
values between 0.3-1.0 for 1TEN [150] and 2ACY [151]. Residues 160 of 1E3Y, 67 of 1RIS, 42, 
45, and 94 of 2ACY, 851, 865, 867 of 1TEN and 2, 41, 47 of 1TIT have significant ϕ-values but 
they are not part of the long-range conserved network. These residues may help folding by 
stabilizing the secondary structures and so they are not part of the long-range network. Table 4 
demonstrate all amino acid residues in the conserved networks and those that are studied 
experimentally. Most residues of conserved network that are studied experimentally indicated the 
significant ϕ-values. There are some residues in the conserved network that are studied in the lab, 
but they don’t show the high ϕ-values. These residues may play a more significant role in folding 







Table 3. Correlation between residues that are part of the Toggle conserved contact networks and 
experimental ϕ-values. Residues in bold indicate amino acids that are common in both studies.  
Protein 
(PDB Code) 
Residues with significant ϕ-values (Experimental Studies) 
1E3Y 101, 104, 112, 115, 140, 141, 144, 160, 161, 162, 165, 173 
1RIS 4, 6, 8, 9, 26, 30, 60, 65, 67, 75 
2ACY 11, 13, 30, 42, 45, 47, 51, 54, 64, 94 
1TEN 821, 835, 837, 849, 851, 858, 860, 863, 865, 867, 869, 871, 
873 



















Table 4. Illustration of residues that are part of the Toggle conserved contact networks. 
Underlined residues indicate amino acids that are studied by experimental method. Residues in 
bold demonstrated significant ϕ-values. 




















































































































































G 69  
E 70  










A 819  
L 820 
I 821  
T 822 
W 823  
F 824  
K 825  




E 834  
L 835  
T 836  
Y 837  
G 838  











E 868  
Y 869  















SIGNIFICANCE OF EVOLUTIONARY CONSERVED LONG-RANGE 
INTERACTIONS IN GOVERNING THE TOPOLOGY AND FOLDING IN PROTEINS 
 
INTRODUCTION 
Decades of research have yet to comprehensively elucidate all the underlying 
mechanisms in protein folding and universally predict these structures. The details governing 
native-state formation of proteins from their linear amino acid sequence is one the most 
challenging areas remaining at the forefront of the scientific community. Strides towards 
understanding the protein folding process and topological determination of proteins have been 
made through numerous in vitro and in silico studies [49, 97]; however, convincing evidence for 
the intricate details of protein folding remains desired, including the elusiveness of proteins 
sharing a common topology, yet lacking in shared sequence.  Thus, factors other than amino acid 
sequence and secondary structure must be considered for enabling these proteins to form the 
same topology. The evolutionary conserved long-range interactions within these proteins are 
considered as the critical determinants in governing their common topology throughout this 
investigation. Long-range interactions which are non-local, are defined as interactions between 
residues that are close in 3D space but distant in the primary structure. 
The folding of a polypeptide chain into a unique 3D is guided by long- and short-range 
interactions (also known as contacts) along the chain. Several investigations have contributed to 
understanding the role of these interactions in the protein’s structures [9-13, 15, 17, 19]. Long 
range interactions not only demonstrated a significant role in the structural stability of proteins, 





range interactions in the early stage of folding will govern the protein topology and will provide 
a productive folding [22-24, 137-140]. Within all types of long-range interactions, the 
hydrophobic interactions indicated a major role in protein folding, especially when they form in 
the core of the protein structure [130-136]. The focus of this study was showing the significance 
of evolutionary conserved long-range interactions especially the hydrophobic interactions in 
protein folding.  The role of the selected interactions in the formation of protein topology and 
forming the native network was tested using bioinformatics, macromolecular simulations and 
network science (Fig. 17). Here, conserved networks were elucidated in three superfamilies (the 
death domains, α/β-plaits and immunoglobulins) using a novel bioinformatics approach 
(Appendix A). These superfamilies share a common Greek-key topology (Fig. 10) yet differ in 
secondary structure composition, function and sequence identity. 3D networks were then 
constructed for three members of each superfamily and their role in forming the gross native-like 
topology and the formation of the consensus network was tested by two different computational 
methods: simulated annealing and the formation of a giant cluster, respectively. The results of 
these studies indicate that the evolutionary conserved contacts are the significant determinants of 








Fig. 17. The schematic representation of titin folding into its native state with the application of 
the conserved contacts. The simulated structure shows the attainment of the gross native-like 
Greek-key topology.  
 
 
MATERIALS AND METHODS 
Model System of Proteins 
The main methodology for elucidating the conserved networks can be found in Appendix 
1. For the SA and Giant Cluster studies, the same three sets of proteins were used in the MD 
studies in chapter two are further studied in here. They are: Death domains [human death domain 
of the FAS-associated death domain -1E3Y [87]; human death effector domain - 1A1W [88]; 
human iceberg - 1DGN [89]], α/β plaits [human fourth metal-binding domain of the Menkes 
copper-transporting ATPase - 2AW0 [90]; Thermus thermophilus ribosomal S6 - 1RIS [91]; 
bovine acylphosphatase - 2ACY [92]] and Immunoglobulins [titin - human titin - 1TIT [93]; 





Overview of Simulated Annealing Procedure 
To determine the role of the conserved contact network in building the protein topology, 
simulated annealing was performed using CNS 1.3 [64]. This program suite is commonly used 
for macromolecular structure determination by X-ray crystallography and solution-state nuclear 
magnetic resonance (NMR) spectroscopy. Simulated annealing is so powerful that it can convert 
an extended protein structure into a well-defined 3D structure through the application of Nuclear 
Overhauser Effect (NOE) distance restraints [62]. In this study the evolutionary conserved 
network of long-range interactions (herein referred to as contacts) (not including acidic and basic 
residues) was applied as physical restraints to generate the proteins 3D fold from a linear primary 
structure. The percentage of the number of contacts that were entered as constraints in simulation 
are shown in Table 5.  The same process was repeated for three different sets of equivalent 
randomly selected non-conserved contacts (not including acidic and basic residues) as a control. 
Figure 18 depicts a schematic representation of the simulated annealing process using CNS for a 
set of conserved contacts and an equivalent set of non-conserved contacts. This schematic 
demonstrates the more important role of the conserved contacts in folding and formation of the 













Table 5. The % of contacts applied as physical restraints in the SA simulations are shown as the 
percentage of the total number of the contacts. These percentages are the same for both the 





















Fig. 18 . The schematic of folding of titin (PDB code: 1tit) using CNS. The structures show that 
conserved contacts can direct the formation of the Greek-key topology from the linear primary 
sequence compared to randomly selected non-conserved contacts. This is illustrated by the 
correct topology obtained on the left with a check mark.  
 
 
Simulated Annealing Protocol 
Our optimized simulated annealing protocol consists of an initial 50-step minimization 
followed by 10000 high temperature steps at 50000 K. The system was cooled to 250 K over 10000 
steps followed by a final 200 step minimization. Each simulation is directed to produce the 10 
lowest energy simulated structures. As a control, the simulation was repeated for three proteins, 





discovered in the course of this research that CNS doesn’t work well in our system when there are 
too many pairwise constraints between the same residues are involved in the simulation (data not 
shown). Thus, a minimalist set of atoms involving Cα and Cβ atoms were used to reduce 
complexity.  
 
RMSD and TM-Score Evaluation 
To quantify the topological similarities between the simulated structures and the native 
form, the RMSD and the TM-score were calculated for each superimposed structure, after aligning 
the simulated structures with the native one. RMSD is a fast and easily calculated metric of protein 
structural similarity [153]. Since the RMSD measures the distances between all amino acids pairs 
equally, a small number of local structural change could result in a high RMSD, even when the 
overall topologies of the compared structures are similar. Additionally, RMSD is not only 
determined by the overall goodness to fit but also depending on the proteins length [154]. The TM-
score overcomes these limitations by using a variant of the Levitt–Gerstein (LG) metric [155] 



















𝑖=1                                                                                                          (17) 
















In the above formulas, L is the proteins length, di is the distance between the ith matched Cα 
atom and d0 is a scaling factor to normalize the matches. For small proteins the optimal value of 
d0 is 4.5 Å. The LG-based metric gives a value between 0 and 1 where 1 is an exact match. The 
maximum value of LG that can be obtained by superposition is the TM-score [153, 156]. 
 
Calculating the Formation of a Giant Cluster 
To further test the role of conserved interactions in topology and folding, network science 
approaches were utilized. Computational network studies offer important and novel avenue for 
analyzing complex protein structures [157]. Each protein can be constructed as a network where 
the amino acids are nodes and long-range contacts are edges. The long-range interaction network 
is found for each model protein using Contact [158] and the DegLr program [65] written in the 
Greene laboratory at Old Dominion University [65].  
In the formation of a giant cluster as a network is forming, those links which connect the 
greatest number of nodes to produce the largest cluster are more significant to the network 
structure. In this study, we develop and apply a Giant Cluster Method test. It is performed by 
manually adding one contact at a time to generate a non-fragmented cluster. The Pajek program 
is utilized to provide a visual of the networks [159]. The conserved contacts compete with the 
non-conserved contacts to make a giant cluster. In this study all conserved contacts including 
those involving acidic and basic residues (R,E,D,K) are considered. For each protein, two 
equivalent sets of conserved and non-conserved contacts were selected. These sets were tested 
separately by randomly adding one contact at a time to see which could generate a giant non-







Fig. 19. The schematic representation of Giant Cluster Method. Two equivalent sets of conserved 
and non-conserved contacts were selected. These sets were tested separately by randomly adding 
one contact at the time to see which one can make a giant non-fragmented network of the protein 











RESULTS AND DISCUSSION 
Simulated Annealing 
The Crystallography & NMR System (CNS) [63], was employed to generate the 3D 
protein structures from the reduced atom set by applying the conserved contacts (not including 
acidic and basic residues) (Fig. 20). This process is also repeated for three equivalent sets of 
randomly selected non-conserved contacts as a control. Figure 21 illustrates an example of 
simulated structures generated with the application of non-conserved contacts. Table 6 organizes 
the results comprehensively, indicating that 50–100% of the simulated structures fold into their 
correct gross native-like topology when the conserved contacts are applied. Replication of this 
process with three different sets of randomly selected non-conserved contacts, indicated that 
most structures would at best generate 10% of the gross native-like topology, and that only in 
one instance did 20% of the structures achieve a gross native-like topology. These results 
indicate the importance of the conserved contacts in guiding the formation of the topology and 
we extrapolate this finding to suggest that they are key to the generating the native structure 
during the early stages of the protein folding process. As a control, the simulation was repeated 
for three proteins, applying different seeds for random number generator to get different initial 







Fig. 20. Illustrations of nine simulated structures according to their superfamilies: (a) Death-
domains, (b) α/β plaits, (c) Immunoglobulins (d) Greek-key topology schematic with the 
secondary elements color-coded. The locations of the N- and C-termini are specified These 
structures were generated with CNS by applying the conserved contacts as the physical 
constraints. These structures are color-coded according to their synonymous regions in the 






Fig. 21.  Illustrations of nine selected misfolded structures grouped according to their 
superfamilies: (a) Death-domains. (b) α/β-plaits. (c) Immunoglobulins. These structures were 
generated with SA procedures in CNS by applying the non-conserved interactions as the physical 
constraints (described in methods). These structures are color-coded according to their 
synonymous regions of their shared Greek-key topology. The color-coded schematic of Greek-





Table 6. The percentage of the simulated structures that have the gross native-like Greek-key 
topology. The simulations were conducted with conserved and three groups of randomly selected 






Contacts (Set 1) 
Non-conserved 
Contacts (Set 2) 
Non-conserved 
Contacts (Set 3) 
1A1W 80% 10% 10% 0% 
1DGN 100% 10% 10% 0% 
1E3Y 60% 10% 0% 0% 
1RIS 70% 10% 10% 20% 
2ACY 70% 10% 10% 0% 
2AW0 70% 10% 0% 10% 
1TEN 50% 0% 0% 10% 
1TIT 60% 10% 0% 10% 







Fig. 22. Applying different seed for random number generator to get different initial velocities. 
Seed numbers are shown in parenthesis for each protein. 82324 is the default seed number in 
CNS. These simulated structures are generated using CNS when the conserved interactions are 
utilized as constraints. One protein is shown as an example for each superfamily, (a) Death 
domains. (b) α/β-plaits. (c) Immunoglobulins. As shown here, the simulated structures that are 







RMSD and TM-Score 
To quantify the structural comparisons between the simulated structures and the native 
structure in each protein model, the RMSD and TM-scores were calculated for each simulated 
structure using the TM-align program [153]. The averaged RMSD of 10 simulated structures in 
each set of conserved and non-conserved contacts was calculated for each protein. In Figure 23, 
one RMSD value was calculated for a set of conserved contacts and three RMSD values are 
shown for three different sets of non-conserved contacts. The limitations of the RMSD 
calculations, described in methods, required the additional calculation of TM-scores for all 
simulated structures using both conserved and non-conserved contact sets as shown in Figure 24. 
The combined results indicated that the RMSD calculations have a smaller difference between 
conserved and non-conserved sets.  While the TM-scores were significantly greater for the 
simulated structures made by the conserved contacts when compared with structures generated 
by non-conserved contacts. Thus, the closeness of the simulated structures made by the 
conserved contacts to the native structure, suggests the significance of theses contacts in building 
the protein native topology. Interestingly, the average TM-value of the structures generated by 
conserved contacts is even higher, when those simulated structures without the Greek-key 






Fig. 23. RMSD of simulated structures. Structures that are made by conserved and non-
conserved contacts are shown as ▲ and ●, respectively, including one set of the conserved 
contacts and three different sets of the randomly selected non-conserved contacts. Each point is 
representative of the average RMSD for 10 simulated structures in each set of the conserved and 
non-conserved contacts. The range of the standard deviation for the conserved and non-
conserved contacts is 0.15 - 0.57 and 0.22 - 0.47, respectively. The graph was generated with 






Fig. 24. TM-score of simulated structures. Structures that are made by conserved and non-
conserved contacts are shown in ▲and ●, respectively, including one set of the conserved 
contacts and three different sets of the randomly selected non-conserved contacts. Each point is 
representative of the averaged TM-score for 10 simulated structures in each set of conserved and 
non-conserved contacts. The range of the standard deviation for the conserved and non-







Fig. 25. TM-value of simulated structures. Structures that are made by conserved and non-
conserved contacts are shown in ▲ and ●, respectively, including one set of the conserved 
contacts and three different sets of the randomly selected non-conserved contacts. Each point is 
representative of the averaged TM-value for 10 simulated structures in each set of conserved and 
non-conserved contacts. The ♦ represents the average TM-value of only native-like simulated 
structures generated by conserved contacts. The range of the standard deviation for the conserved 




The application of network science enabled us to monitor the formation of a giant cluster 
which we propose parallels features of protein folding. In this study we generate giant clusters 
through the directed addition of contacts. Figure 26 graphs the fraction of added contacts against 





by using a fewer number of atom-to-atom contacts compared to the non-conserved contacts. 
These results demonstrate the significance of the conserved contacts in building the protein 
network structure network. Since the conserved contacts make a giant cluster at a faster rate than 
the non-conserved contacts within the protein, one might deduce that within the Greek-key 
topology these contacts would ideally be the first ones to form, serving as a scaffold or nucleus 




Fig. 26. Formation of a giant network cluster for each protein using long-range contacts. (a) 
Death domains:  1A1W, 1DGN, 1E3Y (b) α/β plaits: 1RIS, 2ACY, 2AW0. (c) Immunoglobulins: 
1TEN, 1TIT, 1TLK. The solid and dotted lines represent the conserved and non-conserved 
contacts, respectively. AC and TC are abbreviation of added contacts and total contacts, 















Reported Experimental Studies  
There are experimental folding studies involving five of the model proteins that ideally 
can be used for comparison with the computational SA results. In these studies, mutations were 
performed on specific residues and Phi-values (ϕ) were calculated from folding and stability 
studies. Residues that show significant Phi-values are proposed to play an important role in 
guiding the protein structure throughout the folding process by forming early in the transition-
state [146]. Table 7 shows the residues with significant ϕ-values in five proteins. Moderate to 
high Phi-values are denoted based on the following criteria: ϕ-values between 0.3-1.0 at ϕ 0M and 
ϕmidpoint for 1RIS [147] . ϕ-values between 0.3-1.0 at ϕ1M for both 1TIT [148] and 1E3Y [149]. ϕ-
values between 0.3-1.0 for 1TEN [150] and 2ACY [151]. The amino acids, in bold, are also part 
of the conserved contact network from this work. Interestingly, there is reasonably good 
correspondence between the computational and reported experimental results. 40-80% of the 
residues with high Phi-values are in the conserved networks. 
 
 
 Table 7. Correlation between residues that are part of the conserved contact network in the SA 
simulations and residues with medium to high ϕ-values are shown. Residues in bold indicate 
amino acids that are part of the conserved contact networks.  
Protein (PDB Code) Residues with significant ϕ-values (Experimental Studies) 
1E3Y 101, 104, 112, 115, 140, 141, 144, 160, 161, 162, 165, 173 
1RIS 4, 6, 8, 9, 26, 30, 60, 65, 67, 75 
2ACY 11, 13, 30, 42, 45, 47, 51, 54, 64, 94 
1TEN 821, 835, 837, 849, 851, 858, 860, 863, 865, 867, 869, 871, 873 






NETWORK CONNECTIVITY, CENTRALITY AND FRAGMENTATION IN THE 
GREEK-KEY PROTEIN TOPOLOGY 
 
INTRODUCTION 
While the amino acid sequence alone can encode the 3D structure of small simple 
systems, the intricacies reside in how the long-range interactions govern this process. Advances 
can be gained from comparative studies and particularly by studying groups of proteins that 
share common structures but are very divergent in sequence. Since some proteins with different 
sequences, secondary structures and functions share the same topology, it has been proposed that 
there are a consensus set of determinants encoding each unique topology [96]. This hypothesis 
highlights the role of the non-covalent long-range interactions in the protein folding process. As 
observed in other studies, long-range interactions are proposed to play a significant role in 
formation and stabilization of the overall three-dimensional form of a protein [15-18]. Whereas, 
local interactions primarily dictate secondary structure [17].  
The identification and topological role of a specific subset of the long-range interaction 
network between selected amino acids can be investigated using two approaches. The first is a 





The content in this chapter is reprinted with permissions from “Haratipour Z, Aldabagh H, Li Y, Greene 
LH. Network Connectivity, Centrality and Fragmentation in the Greek-Key Protein Topology. The 





Thus, for our present study, nine proteins from three groups that share the same Greek-
key topology (Fig. 10) but differ in sequence, secondary structure composition and biological 
function are selected to serve as our model system. They come from the following three 
superfamilies: the death domains, α/β-plaits, and immunoglobulins, which are classified as all-α, 
mixed α/β, and all-β, respectively. The structures of proteins in these superfamilies can be 
visualized as two layers of secondary elements, packed together via a central four-element motif 
(Fig. 27). This enables us to significantly enhance diversity in order to conduct an exploration to 




Fig. 27. Similar structural packing of (a) 1RIS, (b) 1E3Y and (c) 1TIT. Proteins are selected from 
three different superfamilies: α/β-plaits, death domains and immunoglobulins respectively. All 
proteins consist of two bundles that are shown in blue and cyan. These two units are packed 
together via a central four-element motif that is shown in red. This central motif consists of two 
pairs of secondary structural elements, one from each unit arranged in a Greek-key topology. 





The second involves the application of betweenness centrality and diameter to analyze 
the nature of the long-range interaction network within each protein. In the context of proteins as 
network systems, residues with high betweeness centrality (BC) scores are considered to govern 
the network [161].  We extrapolate this to mean that they may play an important role in the 
formation and stability of the network. Two additional measures, fragmentation and diameter, 
are applied to further test the role of BC in our networks. Here, the robustness of network 
integrity under directed and random attack enables us to monitor the contribution of different 
residues. Thus, they should have a more or less important role in the network stability. 
In this work, we show the importance of these specific geographical regions in the 3D 
structure of select proteins using network principles. This approach offers a unique and rigorous 
methodology to interrogate structures from an interdisciplinary perspective. It also advances an 
earlier, more limited study involving a subset of Greek-key proteins which facilitates a deeper 
appreciation for this highly populated and very versatile fold [96]. 
 
MATERIALS AND METHODS 
Protein Networks 
Each protein can be constructed as a network where the amino acids are nodes and long-
range contacts are edges. The long-range interaction network is found for each model protein 
using Contact [158] and the DegLr program [65] written in the Greene lab. In this exploratory 
research investigation, a long-range contact occurs when there exists at least a pair of heavy 
atoms, each from two residues separated by at least seven other amino acids in sequence, within 
a certain cutoff distance from each other. The cutoff distance for this research investigation is 7Å 





potentially composed of more tightly packed β-sheet secondary structures. For completion, we 
also constructed networks with 5Å cutoffs . Distance cutoffs in other published studies range for 
example from 4-8Å although these calculations vary in the use of atom types from Cα to all 
heavy atoms or the use of spheres with a defined radius [15, 16, 65, 67, 162-166].  
 
Betweeness Centrality and Closeness Centrality 
To identify the residues that play the most important role in controlling or maintaining 
the protein network structure, betweenness centrality (BC) is calculated for all selected proteins. 
BC is a measure of total number of shortest paths between all possible pairs of nodes (i,j) that 




                                                                                               (19) 
The ratio of (i,m,j)/(i,j) demonstrates how significant the role of node m is in connections 
between i and j [161]. Nodes with high BC play a crucial role in the network connectivity and 
centrality and they are proposed to control the network. BC can be applied to diverse systems to 
include proteins [96, 167]. The protein long-range interaction network is analyzed using the 
Pajek Large Network Analysis Program, Version 4.08 [168] to calculate the betweenness 
centrality for all amino acids. The BC data was also analyzed to determine the mean and two 
standards of deviation from the mean (≥ 2SD) for statistical analysis using Sigma Plot, Version 
14.  
A second statistical analysis involves the calculation of Z-scores. The Z-score  
calculates the number of standard deviations below or above the mean for each BC value. The  
calculation of the Z-score was done using the program Excel (Office 365). The basic Z-score  





standard deviation. Residues with a Z-score ≥ 2 are considered to have high BC. Calculations  
smaller angstrom cutoffs (5Å) can also be found in for comparison to the 6Å and 7Å  
cutoffs used in this work. 
Closeness centrality (CC) is an interesting measure which may facilitate further 
understanding the BC values. Here we can distinguish which amino acids are closer to all the 
other amino acids within the network [169]. Using the same cutoffs as BC (6Å, Igs and 7Å α/β-




Fragmentation is performed to investigate the role of the residues with high BC value in 
the robustness of the long-range interaction networks in the select proteins. We designed a 
program in Python called fragmentation which measures the size of the largest cluster (S) shown 
as a fraction of nodes of the cluster with respect to the total system size, when a fraction (f) of the 
nodes are removed randomly in an attack mode [170]. The program removes nodes from the 
original network one at the time and calculates S and f after each removal. We consider two 
scenarios. In the first, randomly selected residues are removed from the original network (S = 
1.0) one at the time until the main network completely collapsed (S = 0.0). In the second, 
residues with high BC are removed from the original network followed by the random removal 
of the other nodes until S = 0.0 (Fig. 28). When one node is removed, the new network might be 
still fully connected, or disconnected into network fragments. If the network is fragmented, 







Fig. 28. Network fragmentation of 1TIT under random failures (solid line) and attacks (dash 
line). The fragmentation under random failures and attacks is shown for 1TIT as an example. 
This test was performed for all nine protein several times. The size of the largest cluster (S) as a 
function of the fraction of removed nodes (f). fc is the fraction of the removed nodes when S = 0. 




The network diameter (d) which represents the interconnectedness of a network is 
defined as the average length of the shortest paths between any two nodes in the graph. The 
diameter describes how all nodes can communicate with each other in a network. The smaller 
diameter represents the shorter path between any two nodes and higher connectivity in the 
network [171]. To test the significant role of the nodes with high BC value in maintaining the 
protein network’s connectivity, diameter is calculated for each protein. We designed a program 
called diameter which calculate the changes in the diameter of the protein networks as a function 
of the fraction of the removed nodes. This algorithm finds the length of the shortest paths 
between all possible pairs of nodes in the network and then calculates the average of these values 





at the time from highest to lowest and recalculates the diameter after each removal. After each 
elimination, the algorithm checks whether the network is fragmented and then selects the largest 
network fragment to proceed further node removals. The same process is also performed for 
1000 sets of randomly selected nodes. Finally, the average of these 1000 runs and the standard 
deviation, are calculated. 
 
RESULTS AND DISCUSSION 
Betweenness Centrality Calculation 
To understand and compare the nature of robustness in the networks for our model group 
of proteins, three computational studies are conducted using network principles. In the first test, 
BC enables the identification of residues in accordance with network science theory that govern 
the network [161, 170]. BC is calculated and graphed against amino acid numbers for each 
protein network. As shown in Figure 29, the residues with the highest BC values, based on a 
calculation of two standards of deviation or more from the mean, are selected in each graph to 
test how they behave differently from the other residues in protein network structure. The 
geographical position of the select residues are determined in the 3D structure of the model 
proteins. The proteins are color-coded based on the schematic of the Greek-key topology as 
shown in Figure 30. The selection of high BC values is also further supported by a Z-score 







Fig. 29. Betweeness centrality versus amino acid numbers. (a) Death domains: 1A1W, 1DGN, 
1E3Y, (b) α/β plaits: 1RIS, 2ACY, 2AW0, (c) Immunoglobulins: 1TEN, 1TIT, 1TLK. Residues 
with the BC values higher than the doubled standard deviation in each protein are shown in solid 
colored circles according to the color-coded schematic of Greek-key topology. High BC residues 
that are found in the similar geographical positions in all three proteins in each set are shown in 
solid circles and those that are only present in one or two proteins are shown in open circles in a 
generic schematic of the Greek-key topology. The solid line and the dashed line in each graph 

















Fig. 30. Illustration of high BC residues in the 3D structure of proteins that color coded based on 
the schematic of the Greek-key topology. Select high BC residues are shown in spheres in all 
proteins. (a) Death domains:  1A1W, 1DGN, 1E3Y. (b) α/β plaits: 1RIS, 2ACY, 2AW0. (c) 
Immunoglobulins: 1TEN, 1TIT, 1TLK. (d) Schematic of the Greek-key topology. Common 
structural elements are shown in blue, green, yellow, orange and red and loops are shown in 







Fig. 31. Comparison between two standards of deviation from the mean and Z-scores. In all. 
proteins those residues with BC values ≥ 2SD score also Z-score ≥ 2, except residue 34 of 1TIT 
and residue 57 of 2AW0. However, the BC value of residue 57 is very close to the 2SD value 

























To test the role of the high BC residues in the protein structural stability, two 
computational approaches are applied. In the fragmentation test, we evaluated the integrity of the 
network subject to random as well as directed attacks by removing nodes with high BC values. 
Fragmentation is performed for each protein network and fc which is the fraction of the removed 
nodes when S = 0 is recorded for both the directed attack and the random removal. This test is 
performed several times for each protein and the average of the fc of all runs are provided and 




Fig. 32. Network fragmentation under random failures (●) and directed attacks (▲). These 
fractions are recorded when the size of the main network is zero (S = 0) and it is completely 
collapsed. RN and TN are abbreviation of removed nodes and total nodes, respectively. The 
standard deviation of 5 runs of randomly selected nodes in each protein demonstrated a very 







In the second test, we calculated changes in the network diameter after elimination of two   
different sets of nodes: high BC nodes and randomly selected nodes. The diameter calculation 
can feasibly assess the impacts of node and links with respect to the ability of traversing a 
network. To have statistically more accurate result, 1000 different sets of randomly selected 




Fig. 33. Changes in the diameter of the protein networks as a function of the fraction of the 
removed nodes. Black circles represent nodes with high BC scores. Gray circles show the 
average of 1000 runs of randomly selected nodes. The standard deviation of 1000 runs of 
demonstrated a very small range (1.3x10-4 - 3.7x10-3). (a) Death domains: 1A1W, 1DGN, 1E3Y. 
b) α/β-plaits: 1RIS, 2ACY, 2AW0. (c) Immunoglobulins: 1TEN, 1TIT, 1TLK. RN and TN are 















The Application of Network Science to the Study of Protein Structures 
Computational network approaches can offer important new avenues to analyze complex 
protein structures [157, 165]. The aim of this study was to apply different measures used in 
network science to elucidate specific residues that may play a role in the structural organization 
and stability of the Greek-key topology. Towards this end we selected a test set of Greek-key 
proteins with different sequences, secondary structure and functions for this purpose. The 
application of BC values was conducted to look for common geographical positions in all model 
proteins which may suggest the importance of these residues and regions in governing and 
stabilizing the Greek-key topology. Most of the residues found with the highest BC values are in 
the central core of the Greek-key topology at elements colored blue, green, orange, and red (Fig. 
30). Among the residues with the highest BC scores, in all proteins but one, (1A1W), they are 
positioned on element 1 (blue) and 4 (orange) which is consistent with an earlier more restrictive 
study of three Greek-key proteins [96]. However, there is some variation in the other elements. 
Three proteins do not have residues with high BC on element 2, three do not have high BC 
residues on element 5, and eight are missing high BC residues on element 3. Even if one or two 
of the core elements in a protein model did not show the residues with the highest BC value (≥ 
2SD) , it demonstrates residues with the BC value very close to the 2SD delineation, like; 
residues 4 and 8 in element 1 and 63 in element 5 of 1A1W, residues 25 in element 2 and 57 in 
element 5 of 2AW0, residue 73 in element 5 of 1TIT, residue 75 in element 2 of 1TLK [160]. 
Calculated long-range interactions involving the high BC residues (≥ 2SD) is shown in 
Table 8. Seven out of nine proteins have contacts between elements 1-4. The remaining pairs of 
elements have more variation between proteins. It is, however, interesting to consider that these 





act as a scaffold to facilitate rapidly and correctly making the native structure as proposed by the 
‘levels of separation’ model [121].  
 
 
Table 8. Calculated long-range contacts within selected high BC residues in element 1, 2, 4, 5. 
Table reproduced from [160]. 
The colors correspond to the secondary elements in the Greek-key schematic. 
 
 

















Leu57-Phe72 Phe13-Leu25 Leu25-Leu57 Leu25-Phe72 




     
2ACY  Ile13-Gln62 Leu51-Gln62 Ile13-Phe22  Phe22-Trp64 



















In an examination of the high BC residues that are present in the 6 or 7 Å graphs, in 
comparison to 5Å cutoff graphs, there are some common features (Fig. 34). In all but 1A1W, the 
proteins have high BC residues on elements 1 (blue) and 4 (orange). Although interestingly, 
residues 4 and 8 in the 7Å cutoff graph are very close to the 2SD delineation. Alternatively, it 
may be that element 2 (green) plays an analogous role in the topology to element 1 (blue) 
enabling this change to be substitutive in nature. In general, as we reduce the cutoff distance, the 
number of the contacts and the size of the network changes which can have some effect on the 




Fig. 34. Betweenness centrality scores at 5Å and 6 or 7Å cutoff distances. Residues with the 
high-BC values higher than the two standard deviation or more cutoff in each protein are shown 
in solid colored circles according to the color-coded schematic of Greek-key topology. In the 
schematic of the Greek-key topology on the right side of the graphs, solid circles show a high BC 
residue that is present in both cutoffs. Open circles show the high BC residue that is only present 
in one of the cutoffs. The solid line and the dashed line in each graph show the mean and two 
























A further analysis of BC residues involved applying the CC measure to the long-range 
interaction networks (Fig. 35). The results indicate that overwhelmingly, the residues with high 
CC have high BC scores. Therefore, part of being strategically connected in terms of BC appears 




Fig. 35. Comparison of betweenness centrality (BC) and closeness centrality (CC) scores at 6Å 
cutoff for immunoglobulins and 7Å cutoff distance for α/β plaits and death domains. Residues 
with the BC and CC values higher than the doubled standard deviation value in each protein are 
shown in solid colored circles according to the color-coded schematic of Greek-key topology. 
The solid line and the dashed line in each graph show the mean and two standards of deviation, 

































The results of fragmentation and diameter methods also indicate the importance of the 
residues with high BC value in the network connectivity, centrality and fragmentation of  protein 
networks. In the fragmentation test shown in Figure 32, in all proteins the main network 
completely collapsed (S = 0.0) after randomly removing 76-82% of total number of the residues. 
But this range is reduced to 62-73%, when the high BC nodes are removed in advance. These 
results not only suggest a similar robustness in all protein networks but also show the preferred 
role of the residues with high BC value in holding the network together. Based on the result of 
the diameter test shown in Figure 33, there is a sharper increase in the diameter after removing 
nodes with high BC values compared to the randomly selected nodes. These observed results 









Reported Experimental Results  
There are also experimental studies on five of the model proteins that can be used to 
compare to the network results. In these studies, mutations are performed on the specific residues 
and Phi-value (ϕ) are calculated from folding experiments.  Phi-values are a measure derived 
from mutational studies that probe the contribution of individual amino acids in the structure of 
the transition state using kinetic and thermodynamic calculations [145]. Residues that show 
significant Phi-values are considered to play an important role in guiding the protein structure 
and folding process by forming early in the transition-state [146]. As shown in Table 9, some of 
the high BC residues that demonstrated a significant role in governing the Greek-key topology in 
our computational network studies, are also confirmed by the experimental method. Thus, there 
may be common roles for high BC residues relating to the stability of the transition-state and 
folding or they relate only to one of these biophysical functions. 
 
 
Table 9. Correlation between residues with high BC values and experimental ϕ-values. Residues 
in bold indicate amino acids that are common with the BC studies. Table reproduced from [160]. 
Protein 
Residues with high BC values 
(Computational Studies) 
Residues with significant ϕ-values 
(Experimental Studies) 
1E3Y 96*, 104, 112, 119, 141, 161 101, 104, 112, 115, 140, 141, 144, 160, 161, 
162, 165, 173 
1RIS 8, 63, 79, 86* 4, 6, 8, 9, 26, 30, 60, 65, 67, 75 
2ACY 13, 22, 35*, 51, 62*, 64, 94 11, 13, 30, 42, 45, 47, 51, 54, 64, 94 
1TIT 23, 34*, 36, 58, 60 2, 19, 21, 23, 25, 30, 32, 36, 41, 47, 49, 56, 58, 
60, 71, 73, 75 
1TEN 821, 833, 835, 837, 851, 858, 873, 889 821, 835, 837, 849, 851, 858, 860, 863, 865, 





Moderate to high Phi-values are denoted based on the following criteria: ϕ-values between 0.3-
1.0 at ϕ 0M and ϕmidpoint for 1RIS [147]. ϕ-values between 0.3-1.0 at ϕ1M for both 1TIT [148] and 
1E3Y [172] ϕ-values between 0.3-1.0 for 1TEN [150] and 2ACY [151]. Residues with high BC 

























CONCLUSION AND FUTURE WORK 
The research in this dissertation provides a comprehensive investigation into the 
determinants of structural stability and topology for the Greek-key proteins. These proteins are 
an ideal model system because they vary in sequence, secondary structure and function but share 
a common form. A group of nine Greek-key proteins selected from three different superfamilies, 
were studied by different computational approaches.  
As discussed in chapter 2, selected proteins were subjected to high temperature 
conditions using MD simulation, to test the behavior and stability of the conserved long-range 
contacts in comparison to non-conserved contacts. During the unfolding simulations, the 
conserved contacts demonstrated more persistence in comparison to the nonconserved contacts 
in the protein. Under high temperature conditions, the conserved contacts are found to be more 
resistant to breaking and showed less fluctuation than the other native contacts. These results 
suggest an important role for the conserved contacts in the inherent structural stability of our 
model proteins. This also infers that they are important for topological determination.  
Following the stability studies our work focused on investigating the determinants of 
topology and folding. The two major computational investigations reveal that fundamental 
determinants of protein topology consist of evolutionarily conserved long-range interaction 
networks. More specifically, through the application of SA simulations using CNS the significant 
role of the conserved contacts at the onset of folding was shown. The network study involving 
the formation of a giant network cluster supports the idea that the conserved contacts are more 





The purpose of the last study was to examine the role of the high BC residues in the 
structural determination of our protein models. Residues with the highest betweenness centrality 
values proposed to control the protein network are generally found on the same elements in the 
selected protein models. These geographical positions are the central four-element motif of the 
Greek-key topology that have been considered as the core of the topology with element 1 and 4 
potentially most crucial. Even if one or two of the core elements in a protein model did not show 
the residues with the highest BC value (≥ 2SD), it demonstrates residues with the BC value very 
close to the 2SD delineation. The importance of the high BC residues in the connectivity and 
lethality of the protein networks were tested by different network measures: fragmentation and 
diameter tests. The results demonstrate the significance of the high BC residues in the specific 
geographical positions and may possibly guide the Greek-key topology in these proteins. The 
importance of some of these specific residues were also confirmed with the experimental 
analysis. 
In summary, it can be suggested that a conserved network of long-range interactions play 
a significant role in building and stabilizing the protein structure. This conserved network 
indicated to be a main determinant of a common Greek-key topology in proteins that differ in 
sequences and secondary structures. It should also be mentioned that the specific geographical 
positions of residues can make them an important determinant in controlling and maintaining the 
protein network. 
To further examine the role of the conserved interactions network in the protein’s 
structural stability, other analysis can be performed on the unfolded MD trajectories.  The 
unfolded trajectories of each protein can be clustered and analyzed to see at which point the 





stability of the Greek-key topology in the nine different protein. Also, pairwise residue 
interaction energies and energy correlations from protein MD simulation trajectories can be 
generated and analyzed using gRINN (get Residue Interaction eNergies and Networks). This 
analysis would highlight those interactions that show more stability during the unfolding process. 
The importance of the selected residues and interactions in protein folding, can be further tested 
by NMR spectroscopy. The selected residues can be labeled and monitored during the folding or 
unfolding process using NMR. Also, another interesting study can be performed to test the role 
of the high BC residues in protein folding. The selected residues can be mutated on the extended 
form of the protein and then folded by simulated annealing method. The RMSD and TM_score 
of the simulated structures made by the mutated type would be compared with those made by the 
wild type. This analysis can be performed for all the high BC residues in each protein one at the 
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DETERMINATION OF EVOLUTIONARY CONSERVED INTERACTIONS  
(studies designed and conducted by Lesley Greene with the computational programming 
assistance of Joshua Pothen) 
 
28 proteins were selected for the network studies. Nine proteins with PDB codes 
1Q5Y:A, 1RIS, 1UOS:A, 2ACY, 1URN:A, 1B7F:A, 1GH8:A, 1RKJ:A, and 2AW0 were 
selected to study the α/β plait superfamily. Similarly, ten proteins with PDB codes 1TIT, 1WIT, 
2VAA:B, 3CD4, 1CQK:A, 1TEN, 1G84:A, 1HE7:A, 1TLK and 1HNG:A were chosen for the 
immunoglobulin superfamily, and nine proteins with PDB codes 1E3Y:A, 1DDF, 1D2Z:A, 
1N3K:A, 1C15:A, 1UCP:A, 1DGN:A, 1A1W, and 3CRD were chosen for the death domain 
superfamily. Proteins within each superfamily were then structurally aligned. The combinatorial 
extension-Monte Carlo program [173] was used to generate the structure-based sequence 
alignment, which was then edited by hand to better align the residues based on a visual 
inspection of side chain orientation.  These proteins were selected to maximize sequence and 
functional diversity within each superfamily.  The average % sequence identity for the α/β-plaits, 
Igs and death domains is 9.5, 10 and 11.7%, respectively. The average R.M.S.D for the α/β-
plaits, Igs and death domains is 3.1Å, 2.9Å and 3.1Å, respectively.  These calculations were 
conducted with the combinatorial extension program using the online server [173] .  
All heavy atom contact files were generated for each protein using the program Contact 
(CCP4) [158, 174]. For the α/β-plait and immunoglobulin superfamilies, only interactions of 6Å 
or less were calculated since the proteins are mainly composed of β-sheets which pack close 





domains, all interactions within 7Å were calculated, since the structures contain six α-helices 
which occupy a large volume of space and appear to increase the diameter of the protein in 
comparison to the other two structures. From these contact files all pairs of residues involved in 
long-range interactions, where the interacting residues were separated by at least nine other 
residues in the primary structure, were extracted for subsequent studies.  For qualification, nine 
residue separation means there are nine residues between the two making contact. In other 
words, the computer program will consider a contact between residues 1 and 10, but not between 
residues 1 and 9.  The use of a minimum of nine residue separation helps further ensure that local 
interactions within the same β-strand or α-helix is avoided based on the periodicity of side chain 
orientation in the β-stand and the number of residues per turn in a conventional α-helix. 
The evolutionary conserved interaction networks within these proteins were identified 
with the computer programming assistance of Joshua Pothen in accordance with the following 
procedure. A computer program was developed to generate the conserved network by combining 
the structure-based sequence alignment and calculated long-range interactions in three methodes. 
In the Direct method (D), the initial conserved network was generated by examining the protein 
residues in each line of the alignment. The algorithm then determines if these residues form 
contacts with other equivalently aligned residues using the calculated long-range interactions. If 
so, then the contacts amongst the proteins are said to be structurally and directly equivalent and 
thus considered part of the conserved network. A Toggle Method (T) was then applied, which 
takes into account the potential small variations in secondary structure stabilization and naturally 
occurring structural variability [96]. When a residue is checked for making a contact with 
another residue, the program examines what secondary structural element that second residue is a 





positions of side chains within β-strands, the first residue is checked for potential contacts with 
amino acids that are two residues behind and ahead of that second residue. If either of these 
contacts are made, they are considered structurally equivalent to the interaction between the first 
residue and the second residue in other proteins. Similarly, if the second residue is part of a turn, 
it is checked for residues that are one residue behind and ahead of it, and if it is part of an α-
helix, it is also checked for residues that are one, three and four residues behind and ahead of it.  
In the third method called Toggle with no acidic or basic residues (TN), any contact 
within the conserved network was removed if arginine, lysine, aspartic acid and/or glutamic acid 
(R,E,D,K) were present in one or more of the positions. This refinement allows the conserved 


















PROTOCOL OF CHARMM  
 
The processor to perform molecular dynamic simulation using CHARMM is as follows: 
1. Download the protein pdb-ID from the protein data bank and transfer it to ODU turing 
cluster where the CHARMM is located. 
2. Perform minimization to minimize the potential energy of the system to the lowest 
possible point. Edit protein_gen.inp file and run it. 
Note: Since most of the input files have the “go to” statement and it will crash running with 
CHARMM, we need to run them with the stream file. So, insert the name of the input file into 
the stream file and run it with the following command: 
Charmmq    protein_stream.inp   1   protein_gen.out 
As a result, we will have protein_min.crd that shows the coordinate of all the atoms after 
minimization. 
3. Perform solvation by placing the protein in the specific water box based on protein’s size 
and shape. Edit protein_gens.inp file and run it with the stream file as follow; 
Charmmq    protein_stream.inp   1   protein_gens.out 
As a result, we will have protein_solve.crd that shows the coordinate of all the atoms 
after adding a box of water. 
4. Perform neutralization of the system by randomly replacing some of the water molecules 
with ions. Edit protein_neutral.inp file and run it with the stream file as follow: 





5. Perform equilibration and then MD simulation at several different temperatures. The 
highest temperature should be enough to unfold protein. Edit protein_e_temp.inp file and 
run it with stream file as follow: 
Charmmq_mpi    protein_stream.inp   32   protein_e_temp.out 
6. Run MD simulation. Edit protein_d_temp.inp file and run it with stream file as follow: 
Charmmq_mpi    protein_stream.inp   32   protein_d_temp.out 
Note: 32 is the number of the processors that can be changed. When we have more than one 
processor, the command “charmmq” change to “charmmq_mpi”. 
7. Perform merging step to merge all unfolding trajectories as one file. Edit 
ptotein_merge.inp file and run it with stream file as follow: 
Charmmq    protein_stream.inp   1  protein_merge_temp.out 
This step should be performed for each temperature separately.  
The processor to analyze the MD trajectories using CHARMM is as follows: 
1. Calculate the RMSD for all unfolded trajectories. Edit protein_rmsd.inp and run it with a 
stream file as follow: 
Charmmq    protein_stream.inp   1  protein_rmsd_temp.out 
As a result we will have protein_temp.rmsd that can be opened as a graph with 
visualizing program xmgr.  
2. Calculate the residue-residue distances for all the residues as the during the unfolding 
process as the temperature increase. Edit protein_traj_dmat.inp and run it with the 
following command: 





As a result, we will have protein_temp_traj.dmat that shows the residue-residue 
distances.  
3. Calculate the atom-atom distances for all the atoms during the unfolding process as the 
temperature increase. Edit protein_traj_atom.inp and run it with the following command: 
Charmmq   protein_traj_atom.inp   1   protein_traj_atom.out 
As a result, we will have protein_temp_traj_atom.dmat that shows the atom-atom 
distances.  
4. Calculate the distance between two atoms of two residues for the selected contacts during 
the unfolding process as the temperature increase. Edit atom_min_dist3.f file and run it 
with the following command: 
F95 atom_min_dist3.f 
./a.out 
As a result, we will have a.out that shows the distance between two atoms of two residues 
for the selected contacts. 
5. Find the most persistent contacts as protein unfold. To make a .dmatp file for a selected 
contact, run dmatzero.awk using following command: 
Awk  -f   dmatzero.awk   protein_temp.dmat > protein_temp.dmatp 
Make a .dmatp file also for the native contacts by the following command: 
Awk  -f  dmatproj_lr.awk   protein_native.dmat > protein_native.dmatp 
Convert zero to one for the selected contacts in the protein_temp.dmatp file, edit  
protein_cfracvstime.inp and then run the following command ; 
Charmmq   protein_stream.inp   1   protein_cfracvstime.out 






PROTOCOL OF CNS 
 
The processor to perform simulated annealing using CNS is as follows: 
1. Go to the Turing cluster at ODU and type the following command to access to CNS: 
Enable_lmod  
Module load cns  
cns_web 
2. Make a file of amino acids sequence and name it protein_strat.seq to use it as an input 
file. For example: 
MET ASP PRO PHE LEU VAL LEU LEU HIS SER VAL SER SER           
SER LEU SER SER SER GLU LEU THR GLU LEU LYS TYR LEU           
CYS LEU GLY ARG VAL GLY LYS ARG LYS LEU GLU ARG VAL           
GLN SER GLY LEU ASP LEU PHE SER MET LEU LEU GLU GLN           
ASN ASP LEU GLU PRO GLY HIS THR GLU LEU LEU ARG GLU           
LEU LEU ALA SER LEU ARG ARG HIS ASP LEU LEU ARG ARG           
VAL ASP ASP PHE GLU LEU GLU HIS HIS HIS HIS HIS HIS           
 
3. In the CNSsolve web under input files (general), Open and edit generate_seq.inp and 
then run it with the following command: 
cns_solve <generate_sequence.inp> generate_seq.out 
As a result, we will have generate_seq.mtf that is protein topology file. 
4. In the CNSsolve web under input files (NMR), Open and edit generate_extended.inp and 
then run it with the following command: 
cns_solve <generate_extended.inp> generate_extended.out 






5. In the CNSsolve web under input files (NMR), Open and edit anneal.inp and then run it 
with the following command: 
cns_solve <anneal.inp> anneal.out 

























PROTOCOL OF FRAGMENTATION AND DIAMETER PROGRAMS 
 
Fragmentation Program 
The fragmentation program is written in Python language. The program designed to attack the 
protein network and remove the high BC residues in advance and then continue to remove the 
randomly selected residues until the network completely collapse. This program can also be 
performed without a set of high BC residues to do fragmentation completely randomly.  
The protocol for the Fragmentation program is as follows: 
1. Prepare a set of long-range contacts and a set of high BC residues in a text format as 
input files. The input files should be placed in the same drive as the program. For 
example: 
                       Long-range contacts                                       High BC residues 
                                 A  B                                                                  5 
                                 2  28                                                                 14 
                                 4  47                                                                 28 
                                 7  56                                                                 71 
                                 12  34                                                               .                                                                                                                                                     
                                 12  85                                                               . 
                                  . 
2. Insert the name of the input files in the script at sections shown in bold. 
test_file=open("Long-range contacts.net","ab+") 













3. Run the script.  
4. The result will appear as a text file called Output_fragmentation in the same drive as the 
program located. The output consists of the size of the largest cluster (S) shown as a 
fraction of nodes of the cluster with respect to the total system size, when a fraction (f) of 
the nodes are removed randomly in an attack mode.  
 
Diameter Program 
The Diameter program is written in Python language. The program is designed to remove a set 
of high BC residues from the original protein network, and then start over and remove 1000 
different sets of the randomly selected residues from the original protein network. The network 
diameter is calculated after each removal.  
The protocol for the Diameter program is as follows: 
1. Prepare a set of long-range contacts and a set of high BC residues in a text format as 
input files. The input files should be placed in the same drive as the program. For 
exmaple: 
                       Long-range contacts                                       High BC residues 
                                 A  B                                                                  5 
                                 2  28                                                                 14 
                                 4  47                                                                 28 
                                 7  56                                                                 71 
                                 12  34                                                               .                                                                                                                                                     
                                 12  85                                                               . 
                                  . 
                                  . 
 















3. Run the script. 
4.  The result will appear as a text file called Output_diameter in the same drive as the 
program located. The output consists of the diameter (average of the shortest paths) of the 






LIST OF THE CONSERVED CONTACTS 
These are the results from the study conducted and described in Appendix A. 
1A1W-Toggle 1A1W-TN 1A1W-Direct 
L 5  L 43 L 20  S 41 L 7    F 46  L 49 L 63 
L 5  F 46 L 20  G 42 L 8    F 46  L 63 V 79 
V 6  L 43 L 20  L 45 L 8    L 63  R 64 V 79 
L 7  F 46 T 21  S 41 H 9    F 46  R 64 D 80 
L 7  L 75 E 22  L 66 V 11    L 63    
L 7  R 78 L 23  L 45 S 12    F 46    
L 8  G 42 L 23  L 63 L 20    L 45     
L 8  L 43 L 23  L 66 L 23    L 45     
L 8  F 46 L 23  L 67 L 23    L 63     
L 8  L 63 K 24  L 45 L 23    L 67    
H 9  L 43 K 24  L 66 C 27    L 49     
H 9  F 46 C 27  L 45 C 27    L 63    
S 10  L 43 C 27  L 49 L 45    L 63    
S 10  L 75 C 27  L 63 F 46    L 63    
S 10  R 78 C 27  L 66 L 49    L 63    
V 11  L 43 L 36  M 48 T 60    V 79    
V 11  L 63 E 37  M 48 L 63    V 79    
V 11  L 75 R 38  M 48 L 67    V 79    
V 11  R 78 L 45  L 63        
S 12  G 42 F 46  L 63        
S 12  L 43 H 59  F 82        
S 12  F 46 T 60  V 79        
S 12  L 75 T 60  D 80        
S 14  L 75 T 60  F 82        
S 14  R 78 E 61  V 79        
L 15  G 42 E 61  V 79        
L 15  L 67 L 63  V 79        
L 15  L 75 R 64  V 79        
S 17  S 41 R 64  D 80        









1DGN-Toggle 1DGN-TN 1DGN-Direct 
K 9  I 58 N 23  L 57 F 13   F 72 V 61 F 72 
K 9  L 83 A 24  H 75 I 14   I 58 F 72 M 87 
K 9  K 86 L 25  L 57 T 21   L 57 I 73 M 87 
R 10  I 58 L 25  V 61 T 21   L 76  I 73 G 88 
R 11  I 58 L 25  F 72 I 22   L 57       
I 12  L 83 L 25  H 75 N 23   L 57       
I 12  K 86 L 25  L 76 L 25   L 57      
F 13  R 55 L 26  L 57 L 25   V 61       
F 13  A 54 D 27  L 57 L 25   F 72       
F 13  F 72 L 29  L 57 L 25   L 76     
F 13  L 83 L 29  V 61 L 26   L 57      
I 14  A 54 L 29  F 72 L 29   V 61     
I 14  R 55 L 29  H 75 L 29   F 72       
I 14  I 58 D 39  L 60 L 57   F 72       
I 14  L 83 M 40  L 60 I 58   F 72      
H 15  A 54 N 41  L 60 V 61   F 72     
H 15  L 83 R 44  L 60 T 62   F 72     
S 16  A 54 L 57  F 72 F 72   M 87     
S 16  L 83 I 58  F 72 I 73   M 87     
V 17  A 54 T 62  F 72 L 76   M 87     
V 17  L 76 F 72  M 87 C 77   M 87       
V 17  L 83 I 73  M 87         
G 18  L 83 I 73  G 88         
A 19  K 53 I 73  H 90         
T 21  L 57 K 74  M 87         
T 21  H 75 K 74  H 90         
T 21  L 76 L 76  M 87         
I 22  K 53 C 77  M 87         
I 22  A 54 C 77  G 88         
I 22  L 57 C 77  H 90         










1E3Y-Toggle 1E3Y-TN 1E3Y-Direct 
A 99  L 161 W 112  V 141 A 99   L 161   W 148 L 161 
A 99  L 176 W 112  S 144 A 100   L 145   L 161 V 177 
A 100  L 145 W 112  L 145 V 103   L 161   V 162 V 177 
F 101  V 141 R 113  R 140 C 105   L 145   V 162 Q 178 
F 101  R 142 R 113  S 144 W 112   S 144      
F 101  L 145 L 115  R 140 L 115   W 148      
N 102  R 142 L 115  V 141 L 115   L 161      
N 102  L 145 L 115  S 144 L 115   L 165      
N 102  L 172 L 115  W 148 A 116   S 144     
N 102  L 176 L 115  L 161 L 145   L 161      
V 103  V 141 L 115  A 164 W 148   L 161     
V 103  R 146 L 115  L 165 V 158   V 177      
V 103  L 161 L 115  C 168 L 161   V 177     
V 103  N 171 A 116  S 144 V 162   V 177     
V 103  V 173 A 116  L 145         
V 103  L 176 K 125  S 144         
I 104  V 141 K 125  I 147         
I 104  R 146 L 145  L 161         
I 104  N 171 L 145  S 167         
I 104  V 173 W 148  L 161         
C 105  V 141 V 158  N 171         
C 105  R 142 V 158  V 177         
C 105  E 143 V 158  Q 187         
C 105  L 145 L 161  M 170         
D 106  V 141 L 161  V 177         
D 106  L 145 L 161  V 177         
N 107  N 171 L 161  Q 178         
N 107  V 173 V 162  V 177         
G 109  V 141 V 162  Q 178         
G 109  E 143 V 162  N 188         
D 111  V 141 G 163  M 170         
D 111  L 161 G 163  V 177         







1RIS-Toggle 1RIS-TN 1RIS-Direct 
R 2  V 65 V 9  G 58 E 31  L 75 Y 4   Y 63   Y 4  Y 63 
R 3  Q 64 V 9  Y 59 N 32  L 75 Y 4   V 65   Y 4  Q 64 
R 3  V 65 V 9  F 60 Y 33  L 75 V 6   Y 63   Y 4  V 65 
Y 4  W 62 V 9  L 61 Y 33  E 78 V 6   V 65   E 5  W 62 
Y 4  Y 63 V 9  R 86 Y 33  L 79 V 6   V 88   E 5  Y 63 
Y 4  Q 64 V 9  R 87 A 35  V 65 N 7   Y 63 V 6  L 61 
Y 4  V 65 V 9  V 88 A 35  E 66 N 7   V 88   V 6  W 62 
E 5  W 62 V 9  M 89 R 36  Q 64 I 8   I 26   V 6  Y 63 
E 5  Y 63 L 10  I 26 R 36  V 65 I 8   Y 63 V 6  M 89 
E 5  Q 64 L 10  G 58 R 36  E 66 I 8   V 88   N 7  F 60 
E 5  V 65 L 10  Y 59 V 37  Y 63 V 9   V 88   N 7  L 61 
E 5  M 89 L 10  F 60 V 37  Q 64 L 10   I 26  N 7  R 87 
V 6  L 61 L 10  L 61 V 37  V 65 I 26   Y 63 N 7  V 88 
V 6  W 62 L 10  R 86 V 37  E 66 I 26   L 75 N 7  M 89 
V 6  Y 63 L 10  R 87 E 38  W 62 A 29   L 75   I 8  Y 59 
V 6  Q 64 N 11  G 58 E 38  Y 63 L 30   Y 63 I 8  F 60 
V 6  V 65 N 11  Y 59 E 38  Q 64 L 30   V 65 I 8  R 86 
V 6  V 88 N 11  R 86 E 38  V 65 L 30   L 75 I 8  R 87 
V 6  M 89 N 11  R 87 E 38  E 66 N 32   L 75 V 9  Y 59 
N 7  F 60 P 12  G 58 K 39  W 62 Y 33   L 75   V 9  R 86 
N 7  L 61 P 12  Y 59 K 39  Y 63 A 35   V 65   V 9  R 87 
N 7  W 62 P 12  R 86 K 39  Q 64 V 37   Y 63   A 29  L 79 
N 7  Y 63 I 25  E 78 K 39  V 65 V 37   V 65   L 30  Y 63 
N 7  R 87 I 25  L 79 V 40  L 61 V 40   Y 63   V 37  Y 63 
N 7  V 88 I 26  Y 63 V 40  W 62     V 37  Q 64 
N 7  M 89 I 26  L 75 V 40  Y 63     V 37  V 65 
I 8  I 26 I 26  L 79 V 40  Q 64     E 38  Y 63 
I 8  G 58 R 28  L 75 E 41  W 62     E 38  Q 64 
I 8  Y 59 R 28  E 78 E 41  Y 63     K 39  W 62 
I 8  F 60 A 29  L 75 E 41  Q 64     K 39  Y 63 
I 8  L 61 A 29  E 78 E 42  L 61     K 39  Q 64 
I 8  W 62 A 29  L 79 E 42  W 62     V 40  L 61 
I 8  Y 63 L 30  Y 63 L 43  W 62     V 40  W 62 
I 8  R 86 L 30  V 65 L 43  Y 63     E 41  W 62 
I 8  R 87 L 30  L 75 G 44  L 61        
I 8  V 88 L 30  E 78           






2ACY-Toggle 2ACY-TN 2ACY-Direct 
I 7  L 51 I 13  Q 48 L 33  W 64 I 7    L 51 V 9  L 51 
I 7  Q 52 I 13  G 49 G 34  Q 52 I 7    G 53   V 9  Q 52 
I 7  G 53 I 13  D 76 G 34  G 53 S 8    L 51 V 9  G 53 
S 8  Q 50 I 13  R 77 G 34  P 54 V 9    L 51   D 10  Q 50 
S 8  L 51 I 13  A 78 L 35  L 51 V 9    G 53 D 10  L 51 
S 8  Q 52 I 13  S 79 L 35  Q 52 Y 11    L 51 Y 11  G 49 
S 8  G 53 F 14  T 46 L 35  G 53 Y 11    A 78   Y 11  Q 50 
V 9  G 49 F 14  V 47 L 35  P 54 I 13    T 26   Y 11  L 51 
V 9  Q 50 F 14  D 76 V 36  Q 50 I 13    A 78   Y 11  S 79 
V 9  L 51 F 14  R 77 V 36  L 51 F 14    A 78   E 12  Q 48 
V 9  Q 52 F 14  A 78 V 36  Q 52 Y 25    M 61   E 12  G 49 
V 9  G 53 F 14  S 79 V 36  G 53 T 26    L 51   E 12  R 77 
V 9  S 79 G 15  T 46 G 37  G 49 T 26    M 61 E 12  A 78 
D 10  Q 48 G 15  D 76 G 37  Q 50 A 28    M 61   E 12  S 79 
D 10  G 49 G 15  R 77 G 37  L 51 G 30    L 51   I 13  V 47 
D 10  Q 50 K 16  D 76 G 37  Q 52 G 30    M 61   I 13  Q 48 
D 10  L 51 V 17  T 46 W 38  Q 50 L 33    M 61   I 13  D 76 
D 10  S 79 V 17  V 47 W 38  L 51 G 34    G 53   I 13  R 77 
Y 11  V 47 V 17  D 76 W 38  Q 52 L 35    L 51   F 14  V 47 
Y 11  Q 48 V 17  R 77 V 39  G 49 V 36    L 51   F 14  D 76 
Y 11  G 49 Y 25  M 61 V 39  Q 50 V 36    G 53   F 14  R 77 
Y 11  Q 50 Y 25  W 64 Q 40  Q 50 G 37    L 51   E 29  L 65 
Y 11  L 51 T 26  L 51    W 38    L 51   G 30  L 51 
Y 11  A 78 T 26  M 61        V 36  L 51 
Y 11  S 79 T 26  L 65        V 36  Q 52 
E 12  T 46 A 28  M 61        V 36  G 53 
E 12  V 47 A 28  W 64        G 37  L 51 
E 12  Q 48 E 29  M 61        G 37  Q 52 
E 12  G 49 E 29  W 64        W 38  Q 50 
E 12  R 77 E 29  L 65        W 38  L 51 
E 12  A 78 G 30  L 51        W 38  Q 52 
E 12  S 79 G 30  M 61        V 39  G 49 
I 13  T 26 G 30  W 64        V 39  Q 50 
I 13  T 46 K 31  M 61        Q 40  Q 50 






2AW0-Toggle 2AW0-TN 2AW0-Direct 
Q 3  V 45 I 9  N 40 S 26  V 45 T 5 V 45 E 4  V 45 
Q 3  E 46 I 9  S 41 S 26  L 57 V 6 V 45 E 4  E 46 
Q 3  Y 47 I 9  N 42 K 28  L 57 V 6 Y 47 E 4  Y 47 
E 4  T 44 I 9  G 43 K 28  A 60 I 7 V 45 T 5  T 44 
E 4  V 45 I 9  T 44 K 28  I 61 I 7 A 68 T 5  V 45 
E 4  E 46 I 9  V 45 P 29  Y 47 N 8 A 68 V 6  G 43 
E 4  Y 47 I 9  F 66 P 29  D 48 I 9 A 68 V 6  T 44 
T 5  G 43 I 9  D 67 P 29  L 57 M 12 I 21 V 6  V 45 
T 5  T 44 I 9  A 68 G 30  E 46 I 21 V 45 V 6  T 69 
T 5  V 45 I 9  T 69 G 30  Y 47 I 25 V 45 I 7  N 42 
T 5  E 46 D 10  N 40 G 30  D 48 I 25 L 57 I 7  G 43 
T 5  Y 47 D 10  S 41 V 31  V 45 S 26 V 45 I 7  D 67 
V 6  N 42 D 10  N 42 V 31  E 46 S 26 L 57 I 7  A 68 
V 6  G 43 D 10  F 66 V 31  Y 47 P 29 Y 47 I 7  T 69 
V 6  T 44 D 10  D 67 V 31  D 48 P 29 L 57 N 8  S 41 
V 6  V 45 D 10  A 68 K 32  V 45 V 31 V 45 N 8  N 42 
V 6  Y 47 D 10  T 69 K 32  E 46 V 31 Y 47 N 8  F 66 
V 6  T 69 G 11  S 41 K 32  Y 47 S 33 V 45 N 8  D 67 
I 7  N 40 G 11  F 66 K 32  D 48 S 33 Y 47 I 9  S 41 
I 7  S 41 G 11  D 67 S 33  T 44 I 34 V 45 I 9  F 66 
I 7  N 42 M 12  I 21 S 33  V 45 V 36 V 45 I 9  D 67 
I 7  G 43 M 12  N 40 S 33  E 46     V 24  I 61 
I 7  T 44 M 12  S 41 S 33  Y 47     I 25  V 45 
I 7  V 45 M 12  N 42 I 34  G 43     V 31  V 45 
I 7  D 67 M 12  G 43 I 34  T 44     V 31  E 46 
I 7  A 68 M 12  F 66 I 34  V 45     V 31  Y 47 
I 7  T 69 M 12  D 67 I 34  E 46     K 32  V 45 
N 8  N 40 I 21  V 45 R 35  T 44     K 32  E 46 
N 8  S 41 I 21  I 61 R 35  V 45     S 33  T 44 
N 8  N 42 V 24  A 60 R 35  E 46     S 33  V 45 
N 8  G 43 V 24  I 61 V 36  V 45     S 33  E 46 
N 8  F 66 I 25  V 45         I 34  G 43 
N 8  D 67 I 25  L 57         I 34  T 44 
N 8  A 68 I 25  A 60         R 35  T 44 






1TEN-Toggle 1TEN-TN 1TEN-Direct 
D 816  L 863 I 833  L 873 T 817   I 860   T 817  L 863 
T 817  I 860 I 833  I 874 T 818   I 860   A 819  I 860 
T 817  G 861 I 833  S 875 A 819   Y 858   L 820  S 859 
T 817  L 863 I 833  R 876 A 819   I 860   L 820  I 860 
T 818  S 859 E 834  S 872 I 821   N 856   I 821  Y 858 
T 818  I 860 E 834  L 873 I 821   Y 858   T 822  Q 857 
T 818  G 861 E 834  I 874 I 821   I 860   T 822  Y 858 
T 818  L 863 E 834  S 875 I 821   L 873   W 823  N 856 
A 819  Y 858 L 835  I 849 W 823   N 856  W 823  L 873 
A 819  S 859 L 835  Y 858 W 823   Y 858   I 833  S 875 
A 819  I 860 L 835  V 871 W 823   L 873  I 833  R 876 
A 819  G 861 L 835  S 872 F 824   N 856   E 834  I 874 
A 819  L 863 L 835  L 873 P 826   S 875  E 834  S 875 
L 820  Q 857 L 835  I 874 G 832   S 875   L 835  I 874 
L 820  Y 858 T 836  E 870 I 833   L 873   T 836  S 872 
L 820  S 859 T 836  V 871 I 833   S 875   T 836  L 873 
L 820  I 860 T 836  S 872 L 835   Y 858   T 836  I 874 
I 821  N 856 T 836  L 873 L 835   L 873  Y 837  I 849 
I 821  Q 857 T 836  I 874 Y 837   Y 858   Y 837  Y 858 
I 821  Y 858 Y 837  I 849     Y 837  S 872 
I 821  S 859 Y 837  Y 858     G 838  E 870 
I 821  I 860 Y 837  Y 869     G 838  V 871 
I 821  L 873 Y 837  E 870     I 839  Y 869 
T 822  N 856 Y 837  V 871     I 839  E 870 
T 822  Q 857 Y 837  S 872     E 870  T 888 
T 822  Y 858 G 838  E 870     V 871  E 887 
W 823  E 855 G 838  V 871     V 871  T 888 
W 823  N 856 I 839  Y 869        
W 823  Q 857 I 839  E 870        
W 823  Y 858 K 840  E 870        
W 823  L 873 E 868  T 888        
F 824  N 856 Y 869  E 887        
K 825  N 856 Y 869  T 888        
P 826  S 875 E 870  T 888        
D 831  R 876 V 871  E 887        
G 832  I 874 V 871  T 888        






1TIT-Toggle 1TIT-TN 1TIT-Direct 
E 17  N 62 H 31  Q 74 T 18     L 60  E 17  N 62 
T 18  I 59 H 31  A 75 A 19     L 58    A 19  L 60 
T 18  L 60 G 32  F 73 A 19     L 60   H 20  I 59 
T 18  H 61 G 32  Q 74 H 20     L 60   H 20  L 60 
T 18  N 62 G 32  A 75 F 21     H 56  F 21  L 58 
A 19  L 58 G 32  A 76 F 21     L 58   E 22  I 57 
A 19  I 59 Q 33  S 72 F 21     L 60   E 22  L 58 
A 19  L 60 Q 33  F 73 I 23     H 56   I 23  H 56 
A 19  H 61 Q 33  Q 74 I 23     F 73   I 23  F 73 
H 20  I 57 Q 33  A 75 L 25     H 56   V 30  A 75 
H 20  L 58 W 34  I 49 L 25     A 75   V 30  A 76 
H 20  I 59 W 34  L 58 V 30     A 75   H 31  Q 74 
H 20  L 60 W 34  V 71 H 31     A 75   H 31  A 75 
F 21  H 56 W 34  S 72 G 32     F 73   G 32  Q 74 
F 21  I 57 W 34  F 73 G 32     A 75   Q 33  S 72 
F 21  L 58 W 34  Q 74 W 34     L 58   Q 33  F 73 
F 21  I 59 K 35  E 70 W 34     F 73   Q 33  Q 74 
F 21  L 60 K 35  V 71     W 34  I 49 
E 22  H 56 K 35  S 72     W 34  L 58 
E 22  I 57 K 35  F 73     W 34  S 72 
E 22  L 58 K 35  Q 74     K 35  E 70 
I 23  K 55 L 36  G 69     K 35  V 71 
I 23  H 56 L 36  E 70     L 36  G 69 
I 23  I 57 L 36  V 71     L 36  E 70 
I 23  F 73 L 36  S 72     E 70  A 82 
E 24  H 56 G 69  A 82     V 71  A 81 
L 25  H 56 E 70  A 82     V 71  A 82 
L 25  A 75 V 71  A 81         
V 30  A 75 V 71  A 82         
V 30  A 76 S 72  A 82         









1TLK-Toggle 1TLK-TN 1TLK-Direct 
G 56  S 103 P 77  V 132 S 57     I 102  S 57  V 105 
G 56  V 105 E 78  K 133 A 58     I 102   A 59  I 102 
S 57  I 102 E 79  A 134 A 59     L 100   R 60  T 101 
S 57  S 103 V 80  C 135 A 59     I 102   R 60  I 102 
S 57  V 105 V 81  K 136 F 61     C 98   F 61  L 100 
A 58  T 101 V 82  A 137 F 61     L 100   D 62  S 99 
A 58  I 102 V 83  V 138 F 61     I 102   D 62  L 100 
A 58  S 103 M 84  T 139 C 63     C 98   C 63  C 98 
A 58  V 104 M 85  C 140 C 63     C 115   C 63  C 115 
A 59  L 105 M 86  K 141 V 65     C 98   P 71  A 117 
A 59  T 106 M 87  A 142 V 65     C 115   P 71  V 118 
A 59  I 107 W 88  I 143 V 65     A 117   E 72  K 116 
A 59  S 108 W 89  L 144 P 71     A 117   E 72  A 117 
R 60  S 109 W 90  Y 145 V 73     C 115   V 73  K 116 
R 60  L 110 W 91  T 146 V 73     A 117   M 74  T 114 
R 60  T 111 W 92  C 147 M 74     A 117   M 74  C 115 
R 60  I 112 W 93  K 148 W 75     L 100   M 74  K 116 
F 61  C 113 F 94  K 149 W 75     C 115   W 75  I 90 
F 61  S 114 F 95  Y 150     W 75  L 100 
F 61  L 115 F 96  T 151     W 75  T 114 
F 61  T 116 F 97  C 152     F 76  K 112 
F 62  I 117 F 98  K 153     F 76  Y 113 
D 63  C 118 K 99  A 154     K 77  A 111 
D 64  S 119 K 100  K 155     K 77  K 112 
D 65  L 120 K 101  Y 156     K 112  T 127 
C 66  N 121 K 102  T 157     Y 113  C 126 
C 67  C 122 D 103  K 158     Y 113  T 127 
C 68  S 123 D 104  Y 159        
C 69  C 124 D 105  T 160        
K 70  C 125 D 106  K 161        
V 71  N 126 K 107  T 162        
V 72  C 127 Y 108  C 163        
V 73  C 128 Y 109  T 164        
V 74  A 129 T 110  T 165        
P 75  V 130 C 111  C 166        
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